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Abstract
Abstract

This study investigates the impact of Artificial Intelligence (AI) on Operational Risk
Management (ORM) at Taif International Airport, a rapidly developing hub within Saudi
Arabia’s aviation sector. The research explores how Al technologies can enhance identifying,
predicting, and mitigating operational risks in airport environments. Employing a mixed-
methods approach, data were collected through semi-structured interviews with airport
personnel and structured surveys targeting ORM officers, ICT specialists, and operational
staff. Quantitative data were analysed using SPSS for descriptive and inferential statistics,

while qualitative responses were examined using thematic analysis.

The findings reveal that Al tools, such as predictive analytics, machine learning
algorithms, and Al-driven surveillance, significantly improve operational efficiency and
reduce the frequency and severity of risk incidents. In addition, the main barriers to Al's
integration were organisational and technical, including a lack of staff training and
infrastructural constraints. The study supports the hypothesis that Al positively impacts ORM
performance and that internal institutional readiness affects implementation. The results
provide evidence-based recommendations for the phased adoption of Al in airport ORM
practices and for the broader discussions on aviation safety and digital transformation of

aviation in the Middle East.
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List of Terminology

Term

Definition

Artificial Intelligence
(AD

A field of computer science that simulates human intelligence
processes such as learning, reasoning, and self-correction.

Operational Risk
Management (ORM)

A systematic process for identifying, assessing, and
mitigating risks that may affect airport operations.

Predictive Maintenance

Using Al to predict equipment failure before it happens
enables proactive maintenance.

Incident Response Time

The duration between the identification of a risk and the
implementation of corrective measures.

Organisational
Readiness

The extent to which an organization is technically and
culturally prepared to adopt new technologies.

Mixed-Methods

A research approach that combines qualitative and

Research quantitative data collection and analysis.

Thematic Analysis A qualitative analysis method is used to identify patterns and
themes in textual data.

SPSS Statistical Package for the Social Sciences; used for

quantitative data analysis.

List of Abbreviations

Abbreviation | Full Term

Al Artificial Intelligence

ORM Operational Risk Management

ICT Information and Communication Technology
ML Machine Learning

Cv Computer Vision

SPSS Statistical Package for the Social Sciences
NVivo Qualitative Data Analysis Software

GACA General Authority of Civil Aviation (Saudi Arabia)
FAA Federal Aviation Administration

TAM Technology Acceptance Model




TOE Technology—Organization—Environment Framework
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Chapter 1: Introduction

Introduction

Artificial Intelligence (Al) is a branch of computer science designed to build
machines and software for tasks requiring human intelligence, like learning, reasoning,
solving problems, perception, and decision making (Khaleel et al., 2024). Unlike traditional
computer programs that follow explicit instructions, Al systems leverage algorithms and vast
datasets to identify patterns and improve their performance over time, simulating cognitive
functions like adaptation and understanding. The field encompasses various subfields,
including machine learning (where systems learn from data), natural language processing
(enabling machines to understand and generate human language), and computer vision
(allowing machines to interpret visual information). Al has evolved from early theoretical
concepts, such as Alan Turing's foundational work in the 1950s, to practical applications like
virtual assistants, autonomous vehicles, and advanced recommendation systems. Today, most
deployed Al is considered "narrow AL" excelling at specific tasks, while "general AI"-

matching the full breadth of human cognition- remains a long-term research goal.

The importance of Al across industries stems from its unparalleled ability to analyze
massive datasets, predict trends, automate complex processes, and enhance decision-making.
Al-driven diagnostics and predictive analytics will save the industry $150 billion annually by
2026 through improved patient outcomes and operational efficiencies (Accenture. (n.d.). In
finance, Al algorithms underpin fraud detection systems and algorithmic trading, with global
spending on Al in banking expected to reach $64.03 billion by 2030 (Allied Market Research,
2024). Manufacturing leverages Al for predictive maintenance and quality control, reducing
downtime and operational costs. Gartner estimates that by 2025, over 60% of manufacturers
will use Al-driven predictive analytics (Accenture. (n.d.). In transportation, Al powers
autonomous vehicles and optimises logistics, contributing to an estimated $400 billion in
annual savings for the global supply chain by 2030 (Allied Market Research, 2021). These
figures underscore Al’s transformative impact, driving efficiency, reducing costs, and

enabling smarter, data-driven decisions across sectors

Operational Risk Management (ORM) in aviation is a structured, systematic approach
to identifying, assessing, and mitigating risks associated with flight operations and airport
activities to minimize accidents, property damage, and loss of life or health (Sivakumar,

2022). ORM involves a continuous decision-making process that balances the benefits of an



operation against the potential risks, ensuring that risks are reduced to the lowest practical
level before and during all phases of aviation activities. There is a consensus among system
safety specialists that ORM is a proactive six-step process of hazard identification, risk
assessment, control analysis, decision-making, control implementation, and ongoing
surveillance and review, as described in the FAA System Safety Handbook. This process aims
to keep personnel, save assets, and sustain operational effectiveness by averting mishaps and
mitigating losses in a planned and controlled fashion. The principles of ORM include not
taking any unnecessary risks, making risk decisions at the appropriate managerial level, and
incorporating ORM into all planning stages to maximize operational capability while

reducing resource consumption.

Aviation safety and increased operational efficiency are augmented by traditional
ORM practices with artificial intelligence (Al) aid. Al technologies for real-time monitoring
of aircraft performance and airport operations enable early detection of anomalies that
indicate safety risks or operational inefficiencies. Thus, for example, massive flight data,
weather reports, and air traffic patterns can be processed by Al systems to predict and
recommend actions to mitigate risks caused by human error or unplanned events. In addition,
pilots and air traffic controllers are supported by Al that combines complex information into
actionable intelligence and makes timely interventions to prevent incidents. Automated
integration of Al-driven tools into aviation has proven to help decrease operational
disruptions and raise the safety margin, making aviation more efficient in traffic management
and maintenance scheduling. Advanced Al enables dealing with bigger and bigger datasets,
and their real-time processing and interpretation, thus providing a way to reduce risk and

constantly enhance safety in aviation operations proactively.

Since airport operations are complex and the stakes are high in daily airport
operations, airport operational risk management is critical. Airports have numerous risks,
including ground navigation errors, security breaches, inefficient resource management, and
breakdowns in coordinating operations. Example — Runway incursions present a high
collision risk whenever unauthorized vehicles, personnel, or aircraft enter active runways, as
exemplified by Singapore Changi airport, amongst many leading airports with integrated
advanced ground radar systems and extensive training to achieve the lowest incursion rates
globally. Moreover, there are other persistent hazards, such as bird strikes, which can knock
an aircraft out of the sky, or damage or even destroy it, particularly when taking off and

landing. This has been addressed by San Francisco International Airport (SFO), which has



used habitat management and radar systems to monitor and mitigate bird activity, showing

how management of targeted risks can reduce operational disruptions and improve safety.

Unmanaged risks have significant financial and reputational consequences. In
aviation, operational failures can lead to multimillion-dollar losses, legal liabilities, and loss
of public trust globally. Proactive risk management systems, such as open-source intelligence
and real-time analytics, enable airports to identify and mitigate threats before they escalate,
significantly reducing response times and potential damages. For instance, comprehensive
risk management frameworks like ISO 31000:2018 guide airports in systematically
establishing context, assessing risks, implementing controls, and ensuring continuous
monitoring and communication across all levels of the organization (Hamid & Djakman,
2024). This integrated approach safeguards passengers, crew, and assets. It ensures
operational continuity and compliance with international standards, essential as airports
worldwide contend with rising passenger volumes and increasingly sophisticated threats.
Effective operational risk management is indispensable for maintaining safety, efficiency, and

resilience in the dynamic environment of modern airports.

Overview of Taif International Airport

Taif International Airport, established in 1976, is strategically located about 27-30 km
northeast of Taif city and approximately 70 km from Mecca, making it the second closest
airport to the holy city after Jeddah (Saudipedia, 2024). Initially serving only domestic
flights, the airport was upgraded to a regional airport in 2009 to accommodate international
traffic as the city's population grew and to relieve congestion at larger airports such as King
Abdulaziz International Airport in Jeddah (Abonomi et al., 2022). The airport plays a crucial
role during the Hajj and Umrah, serving as a key gateway for pilgrims. In 2019, Taif
International Airport handled 10,867 international and domestic flights, and its annual
passenger capacity has grown significantly. Recent expansions have increased its area to 48
million square meters, with the ability to accommodate over five million passengers annually
(Saudipedia, 2024). Cluster2 Company manages the airport under the General Authority of
Civil Aviation and features modern facilities, including comfortable lounges, duty-free shops,

and efficient ground services.

The construction of a new Taif International Airport, located 21 kilometers southeast
of the current facility, is projected to increase capacity to 5 million passengers by 2030,

aligning with Saudi Arabia's Vision 2030 to modernize and expand aviation infrastructure



(Saudipedia, 2024). As part of this modernization, operational risks such as ground
navigation errors, security breaches, and logistical challenges are addressed through advanced
technological solutions. Integrating artificial intelligence (Al) into risk management systems
is vital for enhancing safety, efficiency, and reliability. Al-powered systems can continuously
monitor operational risks, quickly detect anomalies, and generate detailed reports for better
decision-making. This proactive approach allows for real-time responses to potential threats.
It optimizes resource allocation, ensuring the airport remains secure and efficient as
passenger volumes and operational complexity increase. The application of Al is expected to
be a cornerstone in achieving the ambitious goals set out for Taif International Airport's future

development.

Problem Statement

Problem Statement: Taif International Airport’s persistent operational risk challenges
demand the integration of artificial intelligence to enhance safety, efficiency, and resilience,

as traditional methods prove insufficient for its expanding operations.

Risk management operations at Taif International Airport produce safety and
efficiency risks that affect contemporary airport facilities. Ground navigation errors present a
significant operational challenge because King Khalid International Airport recorded 68
incidents that increased crew workload, controller workload, and airport staff workload, thus
escalating the potential for disruptive incidents (Aviation Investigation Bureau, 2021).
Maintenance delays further compound these risks, with project risk management studies
showing that unplanned maintenance and scheduling issues can lead to cascading delays,
increased operational costs, and compromised safety margins. Security and surveillance
vulnerabilities remain an ever-present threat, particularly as airports become targets for
terrorism, smuggling, and other illicit activities. These vulnerabilities are exacerbated by the
complexity of coordinating between multiple stakeholders, ground handlers, and technology

providers, leading to communication gaps and inconsistent application of safety protocols.

Emerging risks add further complexity to the risk landscape at Taif International
Airport. Cybersecurity threats are rising as airports become more digitised, with critical
systems for navigation, baggage handling, and passenger processing increasingly exposed to
potential cyberattacks. Climate effects, such as extreme weather events, can disrupt airport
operations, damage infrastructure, and threaten safety and continuity. Project delays from

construction, technology upgrades, or regulatory approvals can also have significant financial



and operational repercussions (Paraschi, 2025). According to the best international practices,
effective risk management in airports must be dynamic and adaptive, continuously
reassessing and responding to these evolving threats through robust safety management

systems, risk-based approaches, and proactive hazard identification.

While foundational, traditional operational risk management (ORM) methods are
increasingly insufficient for today's airport environment. Manual processes and static risk
assessments struggle to keep pace with the volume, velocity, and complexity of data
generated by modern airport operations. For example, qualitative risk registers and periodic
audits may overlook emerging hazards or fail to provide timely warnings, leading to reactive
rather than proactive risk mitigation. In this context, there is an excellent opportunity to
change the situation with the help of Al-driven solutions. Thus, Al can predict the risk before
it happens, manage the resources needed most efficiently, and provide support in decision-
making, due to its ability to recognize patterns, analyze the data in real time, and automate
the processes. With the help of Al-based technologies such as surveillance systems, smart
maintenance, and traffic control software, the risks will be reduced both in frequency and
intensity, and Taif International Airport will achieve the highest level of operating safety,

efficiency, and reliability that meets the standards of the best airports in the world.
Study Purposes

Main Objective

This research aims to adopt Al to enhance operational risk management in Taif
International Airport by designing a system to identify, forecast, and prevent emerging risks.
Focusing on the airport context, the study will evaluate the impact of using Al technologies
such as data and real-time analytics, anomaly detection, predictive maintenance, and
intelligent resource management in the airport setting to improve safety, operational
efficiency, and decision-making. The paper focuses on identifying the operational issues
peculiar to Taif International Airport. It will also include the analysis of the advantages of
using Al in decreasing time and increasing safety in handling the increasing passenger traffic

for a better airport operation.

Specific Objectives
a) Identify the Al technologies applicable to airport ORM1.
b) Analyze the effectiveness of Al in predicting and mitigating risks.

c) Evaluate organizational challenges to Al adoption at airports.



d) Develop recommendations for Al integration into Taif’s ORM practices.

Background of Study

The integration of Artificial Intelligence (AI) technology in aviation around the globe
is rapidly accelerating, fundamentally changing how operational risk is managed and
efficiently. Predictive maintenance is now at the center of Al-powered systems that use
advanced algorithms to analyze sensor data in real-time to predict equipment failures before
they cause operations to halt, slashing the volume of unscheduled maintenance and related
delays. Al is also being employed by leading airlines and airports to equip security systems
like facial recognition and behavioral analytics for better passenger screening and threat
detection, or traffic management tools powered by Al are helping to optimize flight paths and
airspace usage, increasing fuel efficiency and lowering congestion (Emanuilov & Dheu,
2021). The adoption of robotics and automation, powered by Al, has revolutionized ground
operations, from baggage handling to autonomous vehicles for logistics support, further
minimizing human error and operational bottlenecks. Regulatory bodies like the Federal
Aviation Administration (FAA) and the European Union Aviation Safety Agency (EASA) are
actively developing frameworks to ensure the safe and efficient integration of Al technologies
into aviation safety protocols (Xanalatos, 2023). According to Straits Research (2024),
Reflecting this momentum, the global Al in aviation market is projected to grow from
approximately $1.02 billion in 2024 to $1.49 billion in 2025, with some estimates suggesting
the market could reach $2.22 billion by 2025, driven by a compound annual growth rate
(CAGR) of over 46%.

The aviation sector in Saudi Arabia is growing at a rapid rate, driven by the
Kingdom's ambitious Vision 2030, which seeks to transform the Kingdom into a global
aviation and logistics hub. The International Air Transport Association (2024) predicts that
global passenger numbers will expand by 8% until they reach 5.2 billion regional travelers in
2025. Saudi Arabia is investing significantly in improving the airport's infrastructure,
expanding international lane routes, and implementing advanced technology such as Al to
enhance operational risk management and passenger experience to meet this growth. This
strategic vision for the Kingdom is evident in Taif International Airport as a necessary
gateway for religious tourism and regional connectivity. With Al-driven solutions to be
adopted in Taif and other Saudi airports, resource allocation is anticipated to improve,

security and safety protocols will be streamlined, and sustainable growth in line with national



objectives could be supported. As such, these advancements place Saudi Arabia's aviation
sector at the forefront of digital transformation, bolstering its ability to withstand, be efficient,

and competitive in a fast-changing global industry.

Taif International Airport's strategic importance lies in its location and role in
supporting Saudi Arabia's broader aviation and economic ambitions. Located 21 kilometres
southeast of the current airport, the new airport can be expanded to serve up to 2.5 million
passengers by 2030 and has the potential to grow to meet projected demand through 2055
(Matarat Holding & National Centre for Privatisation & PPP, 2024). This capacity is crucial
for serving the increasing number of Umrah pilgrims and tourists and supporting the region's
multi-airport system, which includes major hubs in Jeddah, Madinah, and Yanbu. The
airport's development is aligned with the Kingdom's Vision 2030 and National Aviation
Strategy, aiming to position Saudi Arabia as a leading global logistics hub connecting three
continents. Beyond passenger services, the airport is expected to boost economic
development in Taif and its surroundings by facilitating trade, tourism, and investment and

providing modern, high-quality infrastructure and services.

Nevertheless, airports like Taif face several safety, efficiency, and passenger
satisfaction challenges. These challenges include ground navigation challenges which may
lead to runway incursion or delayed; security challenges which may include unauthorized
access or new and emerging threats from terrorism and cyber security; challenges in
management of resources such as gate, baggage and human resource; and coordination
challenges between airlines, ground handlers and the regulatory authorities. With increasing
passenger traffic and the company’s operations, these performance problems can result in
costly contingencies, reputational losses, and, in the worst-case scenario, accidents. For
example, ground handling errors and runway incursions cost billions annually because better

risk prevention is needed.

Al can be a great solution to the operational risks at Taif International Airport. Al and
big data can help the airport track the processes occurring, identify potential threats and
opportunities, and optimize recurring processes. For instance, it can analyze the movement of
aircraft and ground vehicles to avoid navigation mishaps, fingerprints and behavioral analysis
to improve security checkups, and resources to ensure adequate flow of passengers and their
belongings. These technologies provide more safety and effectiveness and are designed to
help the airport accomplish its goal: to provide the maximum level of passenger experience to

the customers as is possible according to international standards. These technologies enhance



safety and productivity and are in tandem with the airport’s vision of delivering excellent
service to the passengers with a focus on international standards. To support the growth of
Taif International Airport and ensure the continued development of innovative airport
concepts in the region, integrating Al into the airport’s operational risk management system

will be crucial in sustaining growth and providing a model for other airports.

Study Importance

Theoretical Importance

Theoretically, this study contributes significantly to the academic field of Al
applications in aviation by systematically exploring how artificial intelligence can enhance
operational risk management (ORM) in airport environments, specifically focusing on the
Middle Eastern context. Although Al's role in aviation has been widely studied in areas such
as trajectory prediction, air traffic management, and predictive maintenance-with research
showing that Al integration can reduce delays, improve safety, and optimize resource
allocation-there remains a notable gap regarding its application to ORM in airports within
Saudi Arabia and the broader Middle East. By addressing this gap, the study advances
scholarly understanding of Al's potential to solve predictive and optimization problems in
aviation. It provides a foundation for future empirical research on safety, risk, and ethical
considerations in Al-driven airport management. For instance, the global artificial
intelligence in aviation market is projected to grow to $1.49 billion by 2025, reflecting the
increasing academic and practical interest in this field (Straits Research, 2024). This research
will thus serve as a reference point for future studies aiming to bridge interdisciplinary gaps
and adapt global Al advancements to Middle Eastern airports' unique operational, regulatory,

and cultural environments.

Practical Importance

Practically, the findings of this study will offer actionable insights for airport
management and policymakers seeking to leverage Al for more effective, data-driven
decision-making at Taif International Airport and beyond. Al-powered systems have already
demonstrated their capacity to enhance safety and efficiency through predictive maintenance,
saving millions of dollars annually by reducing unplanned downtime and optimising air
traffic management, which decreases congestion and fuel consumption. For example, airports
using Al-driven predictive maintenance have reported reductions in maintenance costs and

improved on-time performance. At the same time, Al-based passenger service solutions, such



as chatbots and facial recognition, have streamlined check-in and boarding processes, directly
boosting passenger satisfaction. By comprehensively analysing Al's impact on ORM, this
study supports Saudi Arabia's Vision 2030 aviation sector goals, prioritising technological
innovation, infrastructure modernisation, and world-class service delivery. The research will
help position Taif International Airport as a model for the region's smart, resilient, and
customer-focused operations, aligning operational practices with international standards and

future-proofing the airport against emerging risks and challenges.

Research Questions

a) How can Al improve operational risk management at Taif International Airport?
b) What Al technologies are most relevant to operational risk management?
c) What are the key challenges in adopting Al in ORM?
d) How effective is Al compared to traditional ORM methods?
Hypotheses

a) H1: Integration of Al in ORM processes significantly improves the safety and

operational efficiency of Taif International Airportl.

b) H2: Al-based systems reduce the occurrence and severity of operational risks more

effectively than traditional risk management systems.

c) H3: Organisational and technical challenges affect the successful implementation of

Al-driven ORM strategies.

Theoretical Model and Framework

Artificial Intelligence (Al) includes various technologies revolutionizing airport
operations and risk management strategies. The three principal Al fields applicable to
aviation are Machine Learning (ML), Natural Language Processing (NLP), and Computer
Vision. They rely on data to make or facilitate decisions without being directed by
programmers, such as passenger traffic, maintenance records, and weather information. NLP
enables Al to read and respond to human language to interact with passengers and staff
through chatbots or personal assistants. Al, integrated with the help of computer vision, can
analyze video streams from surveillance cameras, identify threats, recognize individuals, and

notice irregular security processes. These will help the airports to collect, analyze, and make



sense of structured and unstructured data needed for functioning in such an environment as

the Taif International Airport.

ORM in aviation refers to managing risks that may hinder achieving the intended
goals of safe, efficient, and reliable airport operations. ORM stands for Operational Risk
Management, and the cycle consists of the following four steps: risk analysis, risk evaluation,
risk control, and risk review. Risk analysis identifies risks, such as equipment failure or a
security breach. For instance, the use of Al in predictive maintenance to reduce the chances
of equipment failure and hence the interruption of airport services; it has been estimated that
Al-based predictive maintenance can reduce the cost of unplanned maintenance by 30% and
equipment downtime by 20% (Korchagin et al., 2023). Also, Al-based surveillance systems
can detect suspicious activity and unauthorized access in a real-world environment to assist

airport security and minimize such incidents.

The Al capabilities are integrated in each phase, fundamentally in the ORM cycle.
Through continuous monitoring of data from sensors, cameras, and operational systems with
Al-driven analytics, anomalies and emerging risks can be detected, and an early warning can
be given to airport personnel. Machine learning models working on historical and real-time
data predict potential bottlenecks, safety incidents, or weather disruptions during the
prediction phase. For instance, Al-based weather prediction models have helped reduce
weather-based delays by up to 20% (Tomorrow.10, 2024). Al could automate resource
allocation and staff scheduling and recommend corrective action to mitigate risks as they
present themselves. Finally, Al's monitoring capabilities allow continuous improvement
through monitoring intervention effectiveness and adjustment of strategies as new risks arise.
A conceptual model for Al in ORM at airports can be visualised as a cyclical process:
Detection, = Prediction, = Mitigation, => Monitoring, with Al technologies supporting and
enhancing each stage to create a safer, more efficient, and resilient airport environment
58. This framework provides operational excellence and supports the higher demands of

passenger growth and the complexity of contemporary aviation.

Research Methodology Overview

This research is based on mixed methods that combine qualitative and quantitative
methodologies to offer an exhaustive analysis of how artificial intelligence (Al) can help
improve operational risk management at Taif International Airport. The qualitative portion

involves interviewing stakeholders at the airport management, operations staff, and



technology provider levels to understand their perspectives and challenges in current risk
management practices and Al adoption. Quantitative data will be collected simultaneously
through structured surveys to a broader sample of airport personnel, and the analysis results
will yield patterns, quantify operational risk incidents, and measure the perceived
effectiveness of Al-driven solutions. Additionally, document analysis will be used to gain
additional data from operational logs, incident reports, and project documentation, further
enriching the data set and recording historical context focusing on Taif International Airport
as a case study allows for an in-depth, context-specific analysis, which is particularly
valuable in emerging air markets where existing data may be limited or non-existent. This
methodological triangulation ensures that the findings are robust, actionable, and reflective of
subjective experiences and objective performance metrics, ultimately supporting evidence-

based recommendations for Al integration in airport operational risk management.

Limitations of the Study

This study is subject to several significant limitations that may influence the scope
and generalizability of its findings. Firstly, the research focuses exclusively on operational
risks at Taif International Airport, deliberately excluding cybersecurity threats from its
analysis. While cybersecurity is increasingly recognised as a critical component of aviation
risk management, given the rising incidence of cyberattacks on airport systems and the need
for robust protection of sensitive data, this study’s operational focus means that insights into
AD’s role in mitigating cyber risks are not addressed. Secondly, the research is based on a
single case study of Taif International Airport, which limits the generalizability of the results
to other airports, both within Saudi Arabia and globally. Although case study methodology
enables in-depth, context-specific analysis, it inherently restricts the ability to draw broad
conclusions applicable to different operational, regulatory, or cultural environments. Thirdly,
the study depends on the willingness and availability of the airport stakeholders, such as the
management, staff, and technology partners, to provide interviews and surveys.
Inconsistencies in the level of interaction with stakeholders might pose issues on the
comprehensiveness and credibility of the information gathered, mainly in situations where
organizational demands or privacy issues would restrict the availability of key personnel or
data. Therefore, the generalization of the findings should be done with caution, and further
studies should be conducted to increase the research beyond the presented model, add
cybersecurity into the model, and compare the results in different airports to enhance the

generalization of the findings.



Conclusion

This chapter lays the basis for understanding the points at which Artificial Intelligence
(AI) plays a critical role in strengthening operational risk management (ORM) at Taif
International Airport. It presented concepts such as Al technologies and ORM principles as
integral to Taif International Airport's strategic position in Saudi Arabia's growing aviation
sector and its Vision 2030 framework. Specific operational challenges such as ground
navigation errors, maintenance delays, and security vulnerabilities were identified, and the
reason why innovative Al-driven solutions are needed to enhance safety and efficiency was
demonstrated. This also contained the research goals, objectives, issues, and hypotheses that
sought to investigate the likelihood of Al in this situation, as well as the constraints, including
the fact that the research was focused on operational risks and a single case study. The
complexity of airport operations and the limitations of traditional risk management methods
make it essential to urgently examine the role of Al in ORM. The introduction flows into the
following chapter, which will be a detailed literature review of existing research on Al
applications in aviation and operational risk management, thus placing this study in the wider

academic and practical domain.



Chapter 2: Literature Review

Introduction to the Literature Review

The literature review chapter for Artificial Intelligence in Operational Risk
Management in Taif International Airport is structured to provide a critical foundation for the
research by systematically examining and synthesizing existing scholarship on Al-driven
ORM in aviation. The purpose of this chapter is to contextualize the study within the broader
academic discourse, beginning with an overview of ORM concepts and progressing through
the evolution, applications, and challenges of Al in airport risk management. This approach
highlights the significance of literature reviews in academic research, as they critically assess
prior studies, identify key themes, and reveal gaps in current knowledge, essential steps for
justifying new research directions and ensuring methodological rigor. By drawing on
previous studies, the chapter demonstrates how Al technologies have been applied to
operational risk management in various airport contexts, what successes and limitations have
been observed, and where unresolved challenges remain, particularly in regions like the
Middle East, where empirical evidence is scarce. The structure of the review is deliberately
aligned with the research objectives, questions, and hypotheses of the study: it identifies
relevant Al technologies, evaluates their effectiveness in risk mitigation, and examines
barriers to adoption, thereby directly informing the conceptual framework and
methodological choices of the research. This chapter establishes the scholarly relevance and
originality of the case study on Taif International Airport. It ensures that the research is
grounded in a comprehensive understanding of the current state and future potential of Al-

driven operational risk management in aviation.

Dependent variable

The dependent variable in the context of Artificial Intelligence in Operational Risk
Management in Taif International Airport is the measured improvement in operational risk
management outcomes in the airport upon the implementation of Al technologies. This
includes measurable criteria like operational disruptions, how long the average flight delay is,
how often there is a safety incident, and passenger satisfaction scores. Airports that have
started using Al-powered predictive maintenance and intelligent resource allocation around

the globe have seen some benefits. For instance, after integrating Al into maintenance and



scheduling systems, Delta Air Lines and United Airlines experienced a reduction of between
30% in unplanned maintenance events and a notable drop in flight delays (Virtasant, 2024).
Emirates and Singapore Airlines have also recorded an increase in punctuality and a decline
of around 25 to 35% in baggage mishandling numbers by partnering with Al-driven baggage
tracking and handling systems (BEUMER Group, 2024). The figures describe the tangible
effects of Al on operational reliability and customer experience, and establish a benchmark

for the likes of Taif International Airport.

At Taif International Airport, the dependent variable would be measured through
specific metrics such as the percentage decrease in equipment failures, reduction in average
aircraft turnaround times, increase in on-time departures, and improvements in passenger
satisfaction as captured by post-implementation surveys. For instance, airports leveraging Al
for predictive maintenance have reported up to a 40% reduction in equipment downtime and
a 20% improvement in overall operational efficiency (Airports Council International — North
America, 2024). Additionally, Al-driven queue management and passenger flow optimization
can reduce average waiting times at security and check-in by 15-25%, directly enhancing the
passenger experience (Dataroot Labs, 2024). Taif International Airport can use these
outcomes to benchmark against historical data before Al implementation to objectively
measure the effectiveness of its Al-driven risk management strategies and provide clear
evidence of the value added by Al to reduce operational risks and improve overall airport

performance.

Independent variable

This research's independent variable is the degree and scope of Al adoption in Taif
International Airport’s operational risk management system. This encompasses introducing
and incorporating Al technologies like predictive maintenance algorithms, real-time
surveillance, anomaly detection, Al-driven resource management, and automated passenger
services. Globally, airports leveraging Al have seen transformative results: for example, Al-
powered predictive maintenance can reduce equipment downtime by up to 40%, while Al-
driven queue management systems have cut average waiting times by 15-25%
(MoghadasNian, 2025). The number of Al systems deployed can measure the breadth of Al
implementation, the operational areas covered (maintenance, security, passenger flow), and
the sophistication of the Al models used, from basic automation to advanced machine

learning and deep learning solutions. At Taif International Airport, the independent variable is



tracked by monitoring the rollout of solutions such as predictive analytics for maintenance,
facial recognition for security, and intelligent passenger flow management, with each new

system or upgrade representing an increase in the independent variable’s value.

According to MoghadasNian, S., & Mojavezi (2025), the impact of this independent
variable is evident in case studies and industry data: airports that have adopted Al across
multiple operational domains have reported efficiency gains of up to 30% in ground
operations, significant cost savings, and improved safety outcomes. Al’s ability to process
and analyze vast datasets from sensors, cameras, and operational records enables smarter,
faster decision-making, allowing airports to predict and mitigate risks before they
escalate. For example, Al-based surveillance can identify security threats in real time. At the
same time, predictive analytics can anticipate irregular operations and suggest mitigation
strategies well in advance, reducing disruptions and operational costs. By quantifying the
level of Al integration, such as the percentage of airport processes automated or the number
of Al-driven alerts generated, Taif International Airport can directly link changes in the
independent variable to improvements in operational risk management outcomes, thus
empirically validating the research hypothesis that greater Al adoption leads to measurable

enhancements in airport performance.
Theories And Conceptual Frameworks

Technology Acceptance Model (TAM)

The Technology Acceptance Model (TAM) is a foundational theory for understanding
how and why users adopt new technologies, including artificial intelligence in airport
operational risk management. TAM posits that two primary factors- perceived usefulness (the
belief that using Al will enhance job performance) and perceived ease of use (the belief that
Al systems are user-friendly and require minimal effort)-directly influence users’ attitudes
and intentions to adopt Al solutions. Recent studies in the aviation and airport sectors confirm
that perceived usefulness is the strongest predictor of positive attitudes toward Al adoption,
with a standardized regression coefficient of B = 0.34 (p <0.001), while perceived ease of use
also plays a significant role (B = 0.15, p <0.001) (Ku, 2024). ). For example, airports using
Al predictive maintenance and resource management realized 30% efficiency improvements
and significant operational disruption reductions, contributing to the perception of Al value
(Merlo, T. R., 2024). Furthermore, TAM-based research in aviation has identified distinct

adopter groups: early adopters, early majority, late majority, and laggards, mirroring



innovation diffusion patterns, highlighting the importance of tailored change management

strategies. In the case of Taif International Airport, applying TAM can assist in understanding
barriers and facilitators to staff and management’s adoption of Al, therefore ensuring that Al-
based risk management solutions will be technologically sophisticated and widely welcomed

and utilized.

Technology-Organisation-Environment (TOE) Framework

The Technology Organisation Environment (TOE) framework is used to analyze the
adoption of artificial intelligence in airport operational risk management through three critical
dimensions: technology, organization, and environment (Paul, 2020). Using the TOE
framework in the case of Taif International Airport, one can assess not only the technical
readiness of integrating Al in terms of whether predictive maintenance, real-time
surveillance, and data analytics are available, but also the organizational factors such as
leadership support, staff expertise, and change management processes. A recent industry
survey spanning 102 airport operators and managers found that Al was identified as one of
the most successful Industry 4.0 technologies that was adopted by 78% of worldwide survey
respondents, and organizational readiness and strategic alignment were highlighted as the
most critical success factors (Precedence Research, 2025). The environmental component of
the TOE framework incorporates external pressures (regulatory requirements, competitive
dynamics, customer expectations), e.g., airports subject to stricter safety regulations or
increased passenger volumes are likely to be more inclined to adopt Al. The TOE framework
has been evaluated in some leading airport case studies where a balanced approach across all
three TOE dimensions results in more effective and sustainable technology integration. By
applying the TOE framework, Taif International Airport can systematically evaluate and
address the technological, organizational, and environmental enablers and barriers to Al-
driven operational risk management, ensuring that investments in Al yield measurable

improvements in safety, efficiency, and resilience.

Airport 4.0 Technology Adoption Framework for Airports (TAFA)

The Airport 4.0 Technology Adoption Framework for Airports (TAFA) is a
comprehensive, research-driven model designed to guide airports through the digital
transformation process, particularly in adopting Industry 4.0 (I14.0) technologies such as
artificial intelligence, 10T, robotics, and advanced analytics (Tan & Masood, 2022). TAFA

was developed from an industry survey of 102 airport operators and managers worldwide and



validated through a case study of a leading Asian airport. TAFA consists of four key
components: (1) defining clear objectives for digital transformation, (2) identifying the most
critical 14.0 technologies for future-ready airports, (3) outlining a structured technology
adoption process, and (4) providing actionable strategies to facilitate successful
implementation (Tan & Masood, 2022). One of TAFA’s most distinctive features is its “three-
proof” approach: proof of technology, proof of operations, and proof of business, which
ensures that new technologies are not only technically sound but also operationally viable and
economically justified before full-scale deployment. According to the framework, digital
transformation objectives are informed by insights from a survey of 348 airport professionals.
At the same time, the prioritization of technologies is based on industry importance scores
and structured literature reviews5. According to Tan & Masood, (2022) The TAFA framework
has been instrumental in helping airports achieve up to 30% efficiency gains in operations
and significant improvements in health and safety protocols during the COVID-19 pandemic,
underscoring its value for airports like Taif International seeking to systematically adopt Al

and other advanced technologies for operational risk management and resilience.

Overview of Operational Risk Management (ORM) in Aviation

Operational Risk Management (ORM) in aviation is a structured, systematic process
designed to identify, assess, and mitigate risks arising from daily flight and airport operations
(Cho,2003). ORM encompasses proactive and reactive strategies, ensuring that hazards, such
as human error, equipment failure, adverse weather, and external threats, are recognized and
addressed before they can escalate into incidents or accidents. The process typically follows a
six-step cycle: hazard identification, risk assessment, risk analysis, risk control,
implementation of risk mitigation measures, and ongoing monitoring. ORM is applied at
various levels, including deliberate planning for routine operations, time-critical decision-
making during dynamic situations, and strategic oversight for long-term safety
improvements. In aviation, operational risks are commonly categorized into loss of control in
flight, runway safety, fatigue risk management, and controlled flight into terrain (CFIT), each
requiring dedicated control measures like advanced technology, safety training, and

compliance protocols.

The importance of ORM in the aviation sector cannot be overstated, as it is
foundational to safety and operational efficiency. Aviation is one of the most complex and

highly regulated industries, with operational risks posing significant threats to passenger



safety, financial performance, and organizational reputation. For example, the International
Civil Aviation Organization (ICAQO) has set a global vision of achieving zero fatalities in
commercial operations by 2030, continuously emphasizing the need to reduce operational
safety risks (Citaristi, 2022). The International Air Transport Association (IATA) reported a
global accident rate of 1.21 accidents per million flights in 2022, highlighting the need for
rigorous risk management despite ongoing improvements in safety operational failures-such
as system breakdowns, human error, or weather disruptions-can result in flight cancellations,
delays, and, in severe cases, catastrophic accidents (Ellis t al. 2025). The financial impact is
substantial: ground handling errors alone cost the global airline industry over $4 billion
annually (International Air Transport Association, 2024). Effective ORM enables airlines and
airports to minimize these risks through rigorous safety protocols, regular maintenance,
comprehensive training, and real-time monitoring, ultimately safeguarding lives, maintaining

regulatory compliance, and supporting the sustainable growth of the aviation industry.

The key components of operational risk management (ORM) in aviation- hazard
identification, risk assessment, risk mitigation, and monitoring form a systematic cycle that
underpins safety and efficiency across the industry. Hazard identification is the foundational
step involving collecting and analyzing safety data from sources such as safety reports, flight
data monitoring, audits, and confidential reports; large airlines may process several hundred
safety reports per month, highlighting the scale and complexity of this task. Once hazards are
identified, risk assessment evaluates the likelihood and potential impact of these hazards, a
process that remains challenging due to the subjectivity in estimating consequences and
probabilities, yet is essential for prioritizing risks that require immediate action. Risk
mitigation follows, where targeted controls and interventions are implemented to reduce risk
to acceptable levels; for example, the International Civil Aviation Organization (ICAO)
mandates that all aviation organizations maintain robust risk mitigation strategies as part of
their Safety Management Systems (SMS)(Yeun, 2015). Finally, ongoing monitoring ensures
that the effectiveness of mitigation measures is tracked and new hazards are promptly
identified, supporting continuous improvement. The ARMS Working Group methodology,
widely adopted in the industry, emphasizes the need for ORM processes to be both
conceptually robust and practically applicable, capable of handling large volumes of safety
data and minimizing subjectivity in assessments. All these components are invaluable for
managing operational risks that could otherwise result in billions of dollars in incidents for

the global aviation sector each year.



The Operational Risk Management (ORM) in airports is a manual and structured
process based on compliance, documentation, and regular risk assessment. Hazard
identification is usually done by safety reports, audits, and incident investigations; qualitative
risk assessments are conducted through risk matrices, which evaluate the severity and
likelihood of things going wrong. As such, prescriptive controls or procedural changes are
developed and implemented as risk mitigation strategies, and ongoing monitoring is then
conducted through safety meetings, audits, compliance checks, etc. For instance, (Tong,
2022), risk assessments must be performed continuously, and airports must maintain well-
documented records under ICAQO’s Safety Management System (SMS) and EASA
regulations. Traditional methods for processing these reports can be very resource-intensive
and may require processing several hundred monthly reports, depending on the airport's
size. The focus of the ARMS Working Group methodology, which is based on ICAO
standards, includes systematic hazard identification and risk assessment (represented by steps
1 and 2 of phase A) but relies heavily on a manual process involving data entry and expert

judgment (phase B).

These traditional ORM methods are widely used but have several weaknesses and
limitations that prevent their practical use in the contemporary airport environment. One of
the most significant limitations is that risk assessment is highly subjective, meaning that
severity and likelihood are often assessed based on expert opinion instead of objective, data-
driven analysis. Unfortunately, this is inconsistent risk prioritization and hazard detection.
Moreover, traditional methods offer little hope of dealing with the amount and speed of
operational data produced by today’s airports. Consequently, they have difficulty detecting
new risks as they emerge in real time. Maintaining and updating risk models is also a
significant burden for the data team, and the process can very quickly get out of hand as there
are more and more moving parts in the business. For example, large airlines and airports may
be required to process hundreds of such safety reports every month, and having such an
overload of reports can cause resource strain and delay responses. Safely focused approaches
could lead to a tick-box mentality, in which the regulatory requirements, rather than the
proactive improvement of safety outcomes, are the focus. Therefore, traditional ORM may
not be able to give early warnings or actionable insight, and airports may be left exposed to
operational disruptions and incidents, which annually cost the industry billions of dollars in

delays, ground handling errors, and safety events. This shows that current risk management



solutions for the aviation industry lack the data-driven and dynamic nature required to

address them.
Artificial Intelligence (Al) in the Aviation Industry

Evolution of Al in Aviation

Artificial Intelligence in aviation has evolved since the early 1950s, when machine
learning algorithms rapidly improved and computational power became more
powerful. Initially, Al was adopted for limited applications around routine automation and
data processing tasks. Technology progressed at the end of the 20th century and the beginning
of the 21st century, and the aviation industry began to add Al to such complex functions as
flying. In the 2000s, Al saw its use in intelligent maintenance, customer service, and the
beginning of predictive analytics. Merlo (2024) mentions how the Federal Aviation
Administration (FAA) and big airlines started using the technology to monitor safety data and
to optimize routes. For example, Delta Air Lines implemented Al systems to simulate Delta’s
operations and suggest the best pilot maneuvers during adverse weather. At the same time,
Boeing used Al to improve efficiency and shorten the production cycle times of the assembly
line. Airlines like Alaska Airlines will use Al systems by 2021 to help dispatchers make on-
the-spot flight route decisions based on current weather, flight traffic, and aircraft weight to

optimize safety and efficiency.
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Figure 1: Al Applications in the Aviation Industry

In recent years, the usage of Al by the aviation sector has been accelerated
considerably as passenger numbers grow and the complexity of operations increases. It is
now widely integrated across predictive maintenance, air traffic control, customer service,
and revenue management domains. For instance, Al-powered predictive maintenance
solutions have helped the industry address unplanned maintenance, which accounted for over
7% of flight delays in 2023, by enabling real-time tracking of aircraft components and
forecasting faults before they become critical. This growth manifests itself in the aviation Al
global market, which is expected to grow from $728 million in 2022 to $23 billion by 2031,
with 70% of all companies to employ at least one Al technology by 2030 (OpenPR, 2024). Al
is also being invested in for air traffic management and security by governments and industry
leaders, for example, the £3 million UK project, Project Bluebird, to trial Al in airspace
control (The Alan Turing Institute, 2024). These systems are changing the aviation industry's
safety, efficiency, and customer experience, from basic automation to sophisticated, data-

driven predictive systems that are evolving in real time.



Key Al Technologies Relevant to Aviation ORM

With advanced pattern recognition and predictive maintenance, machine learning
(ML) is disrupting aviation by improving safety and operational efficiency with the critical
help of these two technologies that take large volumes of data from aircraft sensors, flight
records, and maintenance logs to search for a pattern that indicates imminent equipment or
operational failures. Because unplanned maintenance and the resulting equipment downtime
can rack up a bill of as much as $50 billion per year for the aviation industry, you must be
proactive. For example, ML models can use historical flight data to forecast the chances of
delays and identify anomalies in near real time for proactive interventions to mitigate
disruptions. Using supervised ML algorithms such as Support Vector Machines (SVM) and
neural networks, they have reached 99.9% accuracy to tell friendly from adversary aircraft
and 97% to differentiate between types of aircraft based on flight track, and image processing
methods (Egesa & Wabomba, 2023). Other deep learning models such LSTM and CNN can
also be used with high precision to recognize flight patterns and detect anomalies, with some
even reaching an accuracy of over 80% using the little data that is labeled (Teknisk-
naturvetenskapliga fakulteten, Uppsala universitet, 2023) by enabling airlines and airports to
address problems before they become costly failures, predictive maintenance powered by ML
yields these capabilities directly in terms of fewer delays, reduced maintenance costs and

improved safety margins.

Natural Language Processing (NLP) is becoming increasingly integral to aviation
operations and in analyzing unstructured text data such as data found in maintenance reports,
lists of incidents, incident logs, and real-time communications. NLP algorithms can quickly
process thousands of daily reports to extract actionable insights, trend repeat issues, and flag
potential emerging risks faster than manual review. With this automation, compliance and
reporting are streamlined, and human resources are freed to focus on higher-level analysis
and decision-making. In real-time communication, NLP-powered systems facilitate seamless
information exchange between pilots, air traffic controllers, and ground staff, reducing
misunderstandings and enhancing operational safety. For example, advanced NLP tools can
analyze and summarize incident reports to detect trends that may indicate systemic risks,
supporting more effective risk management strategies. While specific statistics on NLP
deployment in aviation are less frequently reported than for ML, the growing adoption of
NLP-driven solutions is evidenced by the increased speed and accuracy of report analysis and

improved situational awareness and decision support for airport and airline personnel.



Computer Vision (CV) has quickly become a transformative technology for airport
operations, especially in the surveillance, security, or baggage handling domains. According
to The Business Research Company (2024), the global computer vision market is estimated to
grow from $16.28 billion in 2024 to $17.89 billion in 2025 at an annual growth rate of
9.24%, with applied growth in 2020; however, the market is expected to reach $32.61 billion
in 2029. Further, the computer vision industry is anticipated to grow with a compound annual
growth rate (CAGR) of 22% and reach $6.3 billion by 2030 (MarketsandMarkets, 2024),
particularly in the surveillance segment. The CV systems utilize Al-powered cameras and
deep learning algorithms to monitor passenger movement, detect suspicious activities, and
identify unattended baggage in real-time, greatly enhancing the airport security team's
situational awareness and response capabilities. For instance, facial recognition and object
detection technologies can discreetly identify potential threats or unauthorized access. At the
same time, crowd monitoring algorithms optimize passenger flow and reduce bottlenecks at
security checkpoints, boarding gates, and baggage claim areas. CV is being adopted in airport
operations, and the computer vision technology market in airports is expected to grow at a
compound annual growth rate (CAGR) of 12.5 percent from 2020 to 2025, mainly due to
safety and operational efficiency requirements (Mordor Intelligence, 2024). Case studies
highlight tangible benefits: Heathrow Airport, serving over 19 million passengers in 2021,
used CV analytics to enhance queue management and safety, while Rome’s Fiumicino Airport
leveraged CV for runway safety and efficient staffing, supporting over 29 million passengers
in 2022 (Matroid, 2025). These implementations improve security and operational

effectiveness and provide a more seamless and cost-effective passenger experience.

Big Data Analytics complements CV by enabling real-time data processing for risk
identification and operational decision-making in the aviation sector. Airports generate
massive amounts of data from sensors, surveillance cameras, passenger tracking systems, and
operational logs. Big Data platforms aggregate and analyze this information at scale, allowing
airport operators to detect patterns, predict risks, and respond proactively to emerging threats
or operational disruptions. For example, predictive analytics can identify trends such as
increased crowd density or abnormal passenger behavior, triggering automated alerts and
resource reallocation to prevent safety incidents or service delays. Integrating Big Data
Analytics with CV has proven especially valuable for risk management, as it allows for
continuous monitoring and rapid analysis of high-volume data streams. According to industry

reports, the global market for predictive maintenance in aviation, driven by Big Data and Al,



is expected to grow from $1.5 billion in 2020 to $3.8 billion by 2025, reflecting the sector’s
increasing reliance on real-time analytics for operational resilience and safety (Verified
Market Reports, 2025). It is expected that the Al in the video surveillance market will grow
from $3.90 billion in 2024 to $12.46 billion by 2030, at a CAGR of 21.3%, and will continue
to rely on big data and Al for public safety and crime prevention (MarketsandMarkets,
2024). These technologies combined give airports the tools to move from reactive to
proactive risk management, lowering costs, increasing safety, and assisting the efficient

movement of millions of passengers annually.

Through deep learning and neural networks, shape-shifting has occurred, in which
challenges like accurately detecting and classifying complicated flight behaviors and
operational anomalies have been achieved. For example, real and simulated trajectory data
are classified to classify flight patterns, and CNNs and LSTM networks gave good results
(Ma & Tian, 2020). For example, a CNN model was trained in a recent study to identify when
an aircraft is flying in a circle. It reaches an accuracy of 98.2%, beating out LSTM models
performing the same task. It proves deep learning can help tease subtle patterns from
massive, heterogeneous datasets (Carlsson, 2023). Likewise, air traffic management systems
have been integrated with deep neural networks to predict the most likely routes through
airspace and make more accurate traffic flow predictions in real time. Regarding surveillance
and small aircraft detection, fine-tuned DCNNs with transfer learning were on par with the
accuracy of nearly 100 percent for tasks like target tracking and collision prevention (Kiyak
& Unal, 2021). These figures illustrate the profound effect that deep learning and neural
networks have had in aviation, enabling the creation of robust, scalable tools to automate

pattern recognition, enhance safety, and help proactively manage operational risk.
Applications for Al in Operational Risk Management at Airports

Predictive Maintenance

Al-driven predictive maintenance transforms aviation by enabling airlines and
airports to forecast equipment failures and maintenance needs with unprecedented accuracy
and efficiency. Unlike traditional maintenance strategies, which rely on fixed schedules or
reactive repairs, Al leverages data from thousands of sensors embedded in aircraft systems,
monitoring parameters such as temperature, pressure, vibration, and engine performance, to
continuously assess the health of critical components (Merlo, 2024). Machine learning

algorithms analyze real-time and historical data to detect subtle anomalies and predict when



specific parts will likely fail, often months in advance. This proactive approach minimizes
unexpected breakdowns, optimizes maintenance schedules, reduces unnecessary inspections,
and ensures that repairs are performed during planned downtimes, maximizing aircraft
availability and safety. For example, predictive maintenance has been shown to reduce
unexpected maintenance downtime by up to 30%, directly translating into fewer flight delays
and operational disruptions (Praxie, 2024). Integrating Al analytics into maintenance
operations also streamlines inventory management by forecasting demand for spare parts,

reducing overstocking and associated costs.

Leading airlines and maintenance organizations have successfully implemented Al-
powered predictive maintenance systems, demonstrating tangible benefits. Through its
TechOps’ APEX (Advanced Predictive Engine) program, Delta Air Lines uses Al to collect
and analyze real-time engine data throughout the engine lifecycle, optimizing performance
and reducing repair turnaround times. This strategy has saved the airline millions of dollars
and earned industry recognition (Delta Air Lines, 2024). Lufthansa Technik’s Condition
Analytics solution uses machine learning to analyze aircraft components' sensor data, thereby
predicting the need for maintenance and reducing redundant checks. Similarly, major airlines
that have implemented Al analytics have experienced dramatic decreases in unanticipated
maintenance events and greater operational reliability and, in some cases, have realized eight-
digit annual cost savings. The real-world uses of Al demonstrate its ability to revolutionize
aviation maintenance by enabling safer, more reliable, and cost-effective operations and

setting a new benchmark for innovation and efficiency in the industry.
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Anomaly Detection and Incident Prediction

To identify unexpected patterns and threats before critical incidents occur, Al-based
anomaly detection and incident prediction are becoming essential for monitoring real-time
airport operations. Vast streams of operational information can be continuously analyzed in
airports with flight telemetry, baggage handling, passenger movement, and more, and
deviations from standard patterns can be detected based on advanced machine learning
models and autonomous surveillance data. The results show that machine learning models
such as Quadratic Discriminant Analysis (QDA) can obtain 93% of precision and 0.97 and
0.96 for area under the curve (AUC) in anomaly detection and routine operations. Thus, it can
be concluded that the machine learning models can be implemented in real-world airport
conditions (Xia et al., 2025). The generative Al monitors airport baggage systems in real
time. Thus, technicians can pick up on equipment malfunctions and address them before they
become failures that disrupt operations. Therefore, these systems allow airport personnel to
view the situation better and make decisions faster based on the data. Thus, airports have

become safer and more reliable.

Al anomaly detection tools can also offer an estimation of the performance of an Al in
the situation of security threats and incidents. For example, Osprey Flight Solutions’ Al
anomaly detection system has successfully monitored and predicted aviation security risks by
analyzing verified security incident databases and real-time operational data. As a result, this
system alerted in March 2022 in Sri Lanka, weeks before a state of emergency was declared,
providing advance responsiveness to ground transportation and flight disruptions. Similarly,
the system predicted the probable impact of the Russian invasion of Ukraine on the closure of
certain airspaces, flight bans in February 2022, enabling aviation operators to gain
intelligence (Intersec, 2023). These real-world applications underscore the value of Al in
identifying emerging threats, unusual activity spikes, and new types of incidents, allowing
airports to respond proactively rather than reactively. As the aviation industry continues to
generate massive volumes of data, integrating Al for anomaly detection and incident
prediction sets new benchmarks for operational safety and risk management, offering

scalable, data-driven frameworks that can be adapted to diverse airport environments.

Optimizing Air Traffic and Ground Operations

Al fundamentally reshapes air traffic and ground operations by optimizing routing,

scheduling, and resource management, leading to significant efficiency, safety, and cost-



effectiveness gains. In air traffic management, Al-powered systems leverage real-time and
historical data, including weather conditions, flight trajectories, and airspace congestion, to
predict air traffic patterns, optimize flight routes, and dynamically adjust schedules in
response to disruptions. For example, federated machine learning models developed under
the SESAR Joint Undertaking have enhanced the prediction of flight routes and take-oft
times, enabling smoother operations and reducing latent capacity bottlenecks (Subash
Chandar, 2023). Al-driven predictive analytics can also anticipate congestion hotspots,
allowing air traffic controllers to reroute flights and minimize delays proactively. According
to industry data, there are over 100,000 commercial flights per day globally. AI’s ability to
process terabytes of flight and operational data per flight has become crucial for efficiently
managing this immense traffic volume (OAG, 2025). Projects like ISOBAR have
demonstrated that Al can improve the precision of weather impact forecasts, allowing for
more targeted airspace closures and reducing the domino effect of delays across

interconnected airspaces.

On the ground, Al is revolutionizing resource management and operational scheduling
at airports. Al algorithms optimize the allocation of gates, ground vehicles, baggage handlers,
and maintenance crews by analyzing passenger flows, aircraft turnaround times, and real-
time operational constraints. These systems can automatically re-optimize schedules in
response to unexpected events such as weather disruptions or sudden shifts in demand,
reducing ground delays and improving on-time performance. Adopting Al in airport logistics
and scheduling has contributed to a measurable reduction in congestion and turnaround times,
with some airports reporting efficiency improvements of up to 20% following Al
implementation. The global artificial intelligence in aviation market, valued at approximately
$1 billion in 2024, is projected to reach over $32 billion by 2033, reflecting the sector’s rapid
embrace of Al-driven operational solutions (Straits Research, 2024). By harnessing Al for air
and ground operations, airports and airlines enhance safety and reliability and support the

seamless movement of millions of passengers and goods daily.

Al-Based Surveillance and Security

Al-based surveillance and security systems, particularly those leveraging facial
recognition, behavior analysis, and automatic threat alerts, rapidly transform airport security
protocols worldwide. Facial recognition technology is now deployed at over 80 U.S. airports,
with plans to expand to more than 400, and is already in use at approximately 60% of airports

globally (PhotoAiD, 2025). The technology enables rapid, contactless identity verification,



matching live images of travelers to their identification documents with remarkable
efficiency, processing each verification in as little as two seconds and achieving accuracy
rates exceeding 99% for most demographic groups 168. According to the U.S. Department of
Homeland Security, these Al-enhanced systems performed with more than 99% accuracy
overall, with only minor variations across racial and age groups (e.g., 98% for self-identified
Black travelers and 97% for 18-30-year-olds) (U.S. Department of Homeland Security,
2025). This high level of precision reduces human error and fraud and streamlines passenger
flow, significantly cutting wait times and congestion at security checkpoints. In leading
airports like Singapore Changi and Dubai International, biometric smart gates and automated
facial recognition have enabled up to 95% of immigration processing to be automated,

allowing passengers to clear security in as little as 10 seconds.

Beyond facial recognition, Al-driven behavior analysis and automatic threat alert
systems enhance airport security by continuously monitoring surveillance feeds for unusual
activities, unattended baggage, or suspicious patterns. These systems use deep learning
algorithms to analyze passenger movements, detect anomalies, and trigger real-time alerts for
security personnel, enabling faster and more targeted responses to potential threats. With air
travel projected to reach 8 billion passengers annually by 2040, the scalability and speed of
Al-based surveillance are critical for maintaining safety and operational efficiency in
increasingly crowded terminals. Public acceptance of these technologies is growing, with
55% of Americans supporting facial recognition for increased airport safety and 75% of
global passengers expressing comfort with biometric verification before travel. As adoption
accelerates, the focus shifts to ensuring algorithmic fairness, data privacy, and transparency,
as highlighted by ongoing regulatory reviews and enhancements to address potential biases
and civil liberties concerns. Al-based surveillance and security set new standards for safety

and passenger experience in modern aviation.

Challenges and Barriers to AI Adoption in Airport Risk

Management

Technical Challenges

Technical challenges are among the most significant barriers to Al adoption in airport
risk management, starting with pervasive data quality issues (Strome, 2024). Al systems in
aviation rely on vast amounts of data from sensors, surveillance cameras, flight logs, and

passenger records; however, this data is often fragmented, inconsistent, or incomplete due to



legacy infrastructure and siloed information systems. For example, outdated legacy
technology, which underpins many airport operations, can be challenging to integrate with
modern Al solutions, limiting the effectiveness of data-driven risk management and slowing
innovation. Data formats and points are inconsistent, which can generate unreliable outputs in
Al. Moreover, maintaining data integrity and accuracy is challenging given the volume of
data airports process, millions of passenger records or thousands of flight movements daily.
Tackling poor data quality can reduce operational costs by up to 20% and nearly eliminate the
predictive capability of Al systems, meaning that airports need to increase data governance

and infrastructure upgrades to deploy Al successfully.

The second critical technical challenge is ensuring the Al system is reliable and
interpretable. This is because any Al systems used in aviation must be subjected to safety
assurance processes and incremental deployment, under the scrutiny of regulatory bodies
such as the FAA, to ensure the systems are trustworthy at high stakes. However, adaptive or
“learning” Al models can be dynamic, meaning they can change over time, perhaps gaining
an unpredictable behavior or even new vulnerability if left unmonitored and
unchecked. Failures of Al in identifying passengers or their baggage can result in flight
delays or cancellations, or even security breaches, with direct operational and reputational
costs. For instance, it was found that some Al-powered surveillance systems mistake up to 2
percent of widely used images as child sexual abuse material (Electronic Frontier Foundation,
2018). The severity of these operational disruptions can affect millions of passengers.
Additionally, the ‘black box’ nature of many modern advanced Al models creates an opacity
for airport operators and regulators to understand or audit AI’s decision-making processes,
giving rise to transparency, accountability, and compliance issues regarding safety
standards. This, however, is a big problem for such Al applications to be believed by the

stakeholders and certified for use in aviation by the regulators due to a lack of interpretability.

The third technical concern is that algorithms might be biased, and their effects will
affect airports and passengers significantly. Other risks include the reinforcement of
prejudices and biases that can be caused, for example, by training Al systems based on
history or using outdated data, which can result in multiple forms of discrimination, including
airport security measures and passengers’ searches, or decisions about human resources in
healthcare, education, etc. Some facial recognition systems have illustrated these claims,
piloted in airports, for example, where the error rates vary with different population groups,

with some groups having error rates up to ten times higher than others. Such biases can lead



to increased false positives or false negatives, leading to inefficiency in operations and
reduced credibility. The EU Al Act and other legal frameworks currently classify most
aviation Al applications as ‘high-risk’, requiring high scrutiny, traceability, explainability, and
preventing bias mechanisms (Lupo, 2023). Therefore, there is a need to establish periodic
monitoring, algorithm validation, and a variety of training samples to respond to the
technical, administrative, and legal requirements of Al when airports are exposed to the

constantly changing risks in the application of Al.

Organizational Challenges

The workers and the top level of the airport can also be a substantial barrier to Al in
risk management. Tasks involved in airports are rigid, and many employees may view Al as a
threat to their employment or as something new that will bring about new changes that they
may not understand. This is unfortunate, especially because the Al systems cannot adapt to
extreme weather, system breakdown, or hacking, which airport staff can handle on the
spot. Aviation is a very conservative industry with high safety constraints. Therefore, aviation
is very cautious when adopting new technology, as the latest technology might bring
unknown risks or operational confusion. For example, using Al on mundane tasks and
planning may not sit well with frontline staff who may fear losing hold on critical decision-
making to algorithms, lest they lose control or accountability. To counteract this resistance,
clear communication on the complementary nature of Al, robust change management

strategies, and demonstration projects are needed to prove the reliability and value of Al

Second, there is a widespread shortage of airport organizations’ Al and STEM
expertise. Since the pandemic has been hard on the aviation industry, skilled employees are
leaving, and rehiring and retraining have been slow. Furthermore, according to a 2023 IATA
survey, 60 per cent of ground handling professionals stated that they did not have enough
qualified personnel to ensure business continuity, and 37 per cent expect the problem to
persist (International Air Transport Association, 2023). It is especially acute for jobs needing
advanced data analytics, software development, and cybersecurity skills for building,
deploying, and maintaining Al systems. With a limited pool of available qualified STEM
workers, airports are competing with other industries to hire from, and hiring foreign skilled
labor has become more complicated due to high demand and regulatory hurdles. The time
and cost needed to train new employees or upskill existing staff on Al technologies further
slows adoption, while having no in-house expertise means that Al tools will be implemented

suboptimally, left unused, and the organization will be overly reliant on external vendors.



Thus, most aerodromes face challenges in achieving maximum utilization of the power of Al

in areas of operational risk management and efficiency.

Another organizational challenge is the need for financial investment to adopt Al
Using Al solutions in airport risk management is associated with the high initial costs of
purchasing technology, integrating it with existing systems, upgrading infrastructure, and
ensuring cybersecurity compliance. Other ongoing costs are software licensing, system
maintenance, staff training, and recruiting specialized talent. For instance, Airports Council
International (ACI) has calculated that this is the case for U.S. airports, with the industry
alone facing an estimated $40 billion in lost revenue through March 2022 as a result of
staffing shortfalls and the need to invest in new technologies to sustain operational resilience
(Airports Council International-North America, 2021). For example, smaller airports may
struggle to justify or maintain these investments without short-term returns. For even larger
hubs, there is often little time or space in an increasingly tight budget to balance rising
passenger numbers and operational complexity against Al adoption, when staffing or
infrastructure needs are an immediate need. To address these barriers, airports must develop
clear business cases for Al, seek public-private partnerships, and explore phased
implementation strategies that align costs with measurable efficiency and risk mitigation

improvements.

Ethical and Legal Challenges

Data privacy and cybersecurity threats are among Al adoption's foremost ethical and
legal challenges in airport risk management. Between 2022 and 2023, cyberattacks in
aviation surged by 131%, with the highest proportion targeting airspace users and resulting in
billions of euros in global financial impact annually. Ransomware remains a top threat, with
55% of civil aviation cyber decision-makers reporting such attacks in the past year, leading to
operational disruption (38%) and data loss (41%) (SecurityInfoWatch, 2024). The sector’s
expanding digital footprint, including [oT, AL, and cloud computing, has increased
vulnerabilities, making passenger data breaches a significant risk; for example, a major
airline was fined $20 million in 2022 after exposing over 9 million records (Mayer Brown,
2020). According to IndustryARC (2024), as the aviation cybersecurity market is projected
to reach $72 billion by 2030, robust protocols are essential to safeguard sensitive data and

maintain operational integrity.



Al systems in airports routinely process vast amounts of sensitive data, including
biometric identifiers, passenger travel records, and real-time surveillance feeds. This makes
them attractive targets for cybercriminals seeking unauthorized access to personal
information or malicious actors aiming to disrupt airport operations through cyberattacks. For
instance, under the EU’s GDPR, regulations for imposing severe financial penalties for a
single data breach in exposing passenger information can reach up to 4% of annual global
turnover. Airport staff or contractors (with privileged access) can also become insider threats
and misuse data or exploit vulnerable systems (Sectrio, 2024). Moreover, with the
proliferation of Al, biometric, and surveillance systems, worries about the abuse or misuse of
these systems and technologies are rising, including concerns that they could be used to
conduct unauthorized tracking or profiling since airports need to spend much money to create
robust cybersecurity protocols, continuous threat monitoring, and tight access controls for

protecting the operational integrity and passengers' privacy.

The evolving regulatory landscape further compounds the integration of Al in
aviation. Existing aviation regulations were designed for deterministic systems, while Al
introduces probabilistic, adaptive behaviors that challenge traditional certification and
oversight models. There are also working groups at the international level such as the
International Civil Aviation Organization (ICAO) that work on the impact of Al on safety and
security with other organizations such as the European Union Aviation Safety Agency
(EASA) and the Federal Aviation Administration (FAA) developing new guidelines and
roadmaps for Al systems to meet safety, reliability, and transparency requirements. For
instance, documentation of risk assessment, continuous monitoring, and validation protocols
is mandatory for any Al application, as per the EASA Al Roadmap and the FAA guidelines
on Al in the safety-critical environment. Other legal issues include: responsibility, that is,
who is accountable when an Al decision results in an operational mishap, failure, or accident,
data protection laws such as the GDPR and CCPA that regulate the collection, processing,
and transfer of passenger data across borders. Due to the fragmented structure of airport
governance, airports and technology vendors engage in a project-specific manner and respond

to authorities’ changes in standards as they evolve.

Ethical concerns- particularly those related to transparency, fairness, and
accountability- are central to public acceptance and responsible Al deployment in airport risk
management. Bias is increasingly becoming a concern due to the alleged prejudice requiring

Al applications such as facial recognition and passenger profiling, since they produce



different accuracy levels depending on the ethnicity of the individuals involved. Making Al
transparent in its decision-making is crucial to rebuild passenger and stakeholders’ trust,
given that many Al models can hardly be explained or ruled out when errors are made
(Hassija et al., 2024). Another problem is accountability, which arises as Al systems become
a part of the decision-making process. Therefore, proper line of control, supervision, and
ethical checks are required. Current guidelines for functioning in the industry include the
establishment of Al ethics committees, bias check mechanisms, and engagement with the
public for the ethical use of AL. To meet these standards, dealing with such moral and legal
concerns as part of the regulatory framework is imperative, which is crucial for the socially

acceptable progress of Al developments in the aviation industry.

Al-Driven ORM and Traditional ORM

Feature Traditional ORM Al-Driven ORM
Risk Detection Speed Slow/manual Real-time/automated
Prediction Accuracy Reactive Predictive

Human Error Risk High Reduced

Data Volume Handling Limited Big Data capable

The traditional ORM has been replaced by an Al-based ORM that significantly
changes how risks are identified and managed. Traditional ORM is based on manual effort,
historical data, periodic reviews, slow risk identification, and reaction-based decision making.
For instance, conventional tools, including spreadsheets and other strict planning tools,
cannot cater to the versatile requirements of present and even sophisticated and developed
airports. This limits the flow of data provided to the system and enhances the likelihood of
arriving at the wrong data that could have been gathered from various sources. On the other
hand, Al-driven ORM employs real-time and historical data, big data, machine learning, and
predictive analytics for risk identification and prevention. The traditional approach cannot
process terabytes of operational data, analyse passenger flows, predict equipment failures,
and optimise resource allocation in real time. Still, Al systems can do that and much better.
For example, Al models can predict passenger flow patterns with remarkable precision,
allowing airports to dynamically adjust staffing, gate assignments, and queue management to

prevent bottlenecks and minimize disruptions.



The benefits of Al-driven ORM are in safety, efficiency, and reliability. Human error
is cut down to size with Al-powered systems, which automate routine and complicated tasks,
so you make better, more consistent, and data-driven decisions. Airports using Al have
reported up to 30% efficiency gains in ground operations and significant reductions in
misrouted baggage and delays. Al also enhances disruption management, enabling airports to
respond to unexpected events, such as weather delays or equipment failures, in real time,
minimizing operational impact and financial loss. However, there are risks associated with
Al-driven ORM, particularly the need to make substantial technology and expertise
investments. Their effectiveness is mainly dependent on the quality and integration of data
systems. Algorithmic transparency also presents concerns and the possibility of bias in
automated decision-making. Nevertheless, adopting Al-based ORM revolutionises airport
management by shifting from problem-solving to preventing problems and improving the
environment’s safety and efficiency for the increasing number of passengers and the

complexity of operations.

Critical Review of Previous Studies

The literature review on the application of Al in ORM indicates that the use of Al
technologies has received considerable attention and support in the global aviation industry.
The role of Al and ML in airports is constantly under review based on systematic reviews and
cases, and it is evident that Al and ML are transforming operations like scheduling, traffic
control, and safety (Anheliger & Ahmed, 2025). This has led airports to transition from
simply having a reactive risk management system where they only act to manage risks as
they occur, to having a proactive one where they use predictive analytics to look for signs of
equipment failure before it happens and enhanced risk analysis capabilities that are beyond
what is usually observed. For instance, the application of Al in the FAA to forecast runway
incursion and Delta’s Al-based predictive maintenance has reduced failures and delays.
Studies also emphasize the role of Al in Safety Management Systems (SMS), where Al can
analyze incident reports and operational data to predict safety risks, optimize gate
management, and streamline maintenance, resulting in smoother and more reliable airport
operations. AI’s ability to analyze vast quantities of operational data, identify patterns, and
forecast safety issues has enhanced real-time decision-making and system resilience, aligning
with the proactive Safety II approach that seeks to understand and reinforce successful

operational practices. Furthermore, integrating Al in airport security, such as through



surveillance, anomaly detection, and automatic threat alerts, has improved the ability to

identify risks and respond swiftly, especially as passenger volumes continue to grow 59.

Despite these advances, previous studies also identify persistent challenges and
notable research gaps, particularly in regional contexts like the Middle East and developing
airports such as Taif International. Globally, key challenges include data quality issues, the
interpretability of Al models, the risk of algorithmic bias, and the need for robust regulatory
and ethical frameworks. While AI’s benefits in predictive maintenance, hazard identification,
and risk assessment are well documented, there is limited empirical research focusing on
Middle Eastern airports' unique operational, regulatory, and cultural dynamics. Most studies
have concentrated on large, technologically advanced hubs in North America, Europe, and
East Asia, with little attention to smaller or rapidly developing airports. For Taif International
Airport specifically, there is a scarcity of case studies or empirical data on Al adoption for
ORM, and the literature points to a broader lack of contextualized frameworks for integrating
Al into airport risk management in Saudi Arabia and the wider region8. This gap underscores
the importance of localized research that accounts for regional regulatory requirements,
infrastructure maturity, and workforce capabilities. Addressing these gaps will ensure Al's
benefits in ORM are realized equitably and effectively across diverse airport environments,
supporting safer, more efficient, and resilient aviation operations in the Middle East and

beyond.

Research Gap Identification

A critical research gap in the literature on Al adoption in airport risk management is
the lack of empirical studies specifically focused on Saudi and Middle Eastern airports. While
Saudi Arabia is rapidly advancing its aviation sector through national initiatives and Vision
2030, most available research and case studies are concentrated on global hubs in North
America, Europe, and East Asia, leaving the Middle Eastern context underexplored. Recent
work, such as the comprehensive analysis of Al use in Saudi airport security, demonstrates
that while Al applications like threat detection, luggage screening, and facial recognition are
being piloted or implemented, systematic, data-driven studies on the broader operational risk
management (ORM) implications remain scarce. For instance, most of the Al research in
aviation is related to Saudi Arabia to increase security efficiency or decrease human error, not
predictive maintenance, anomaly detection in ground operations, or resource optimization.

This fragmented approach disregards the possibility of Al to improve safety, effectiveness,



and dependability in any realistic working environment. Thus, this is a missed chance for

both research and application.

The scarcity of case studies on developing airports like Taif International
complements the research gap. Most Al adoption narratives in Saudi aviation highlight
flagship projects at major hubs or futuristic developments like NEOM, with little empirical
data or published evaluations from smaller or regional airports. The literature's lack of
localized case studies precludes consideration of the unique challenges developing airports
face: limited infrastructure, workforce readiness, and budget constraints. For example, while
Frequentis and Saudi Air Navigation Services (SANS) have explored Al for optimizing air
traffic management nationally, there is little documentation on how these innovations are
being tailored or scaled for airports like Taif. It leaves a crucial gap in understanding how the
Al integration strategies can be tailored to account for the operational realities and

trajectories of developing airports in Saudi Arabia.

Lastly, a contextualized Al integration framework for the Middle Eastern aviation is
one of the top requirements to consider, considering the particular regulatory, cultural, and
technology environment of the Middle Eastern aviation. While Saudi Arabia’s Vision 2030
and national Al strategies provide a high-level roadmap, detailed, empirically validated
frameworks are lacking to guide the practical implementation of AI in ORM at the airport
level. These include region-specific challenges, such as data privacy concerns, regulatory
compliance, workforce adaptation, and legacy system integration. If an airport does not
already have such frameworks, then without them, airports can end up deploying generic or
inappropriate Al solutions, which may also fail to improve risk management or operational
performance. Addressing this gap will require collaborative research, pilot projects, and
cross-sector partnerships to develop best practices and scalable models that can be applied

across the diverse landscape of Saudi and Middle Eastern airports.

Conceptual Framework for Al-based ORM

Visual conceptual model showing
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In the context of Taif International Airport, the conceptual framework for Al-based
Operational Risk Management (ORM) begins with integrating diverse data sources and
advanced Al systems. Inputs include real-time sensor data from airport infrastructure, flight
and passenger information, weather data, maintenance logs, and security feeds. According to
industry surveys, over two-thirds of organizations in sectors like aviation and finance have
already adopted Al technologies in some operational capacity, leveraging these vast data
streams to inform risk management processes (Research Nester, 2025). At Taif International
Airport, this could translate into using machine learning models trained on historical incident
data, passenger flow analytics, and external threat intelligence, ensuring a comprehensive

data foundation for subsequent risk analysis.

Processes: Data Collection, Risk Analysis, and Prediction

The core processes within the framework involve systematic data collection,
advanced risk analysis, and predictive modeling. Al systems take incoming data, look for
patterns, identify anomalies, and determine real-time risk factors. Examples include machine
learning algorithms that detect unusual passenger behaviour, predict equipment failure, or
predict weather events that may affect operations. Using predictive analytics tools that are
now being employed in critical infrastructure, it has been observed that such early warning

systems and scenario forecasting can help lower operational risk exposure up to 30% in some



sectors (Research Nester, 2025). These processes allow for proactive identification of risks
like security breaches, equipment malfunctions, or logistical bottlenecks among airport
operators at Taif International Airport, where risks can be anticipated and prioritized

adequately for mitigation.

Output: Risk Mitigation Strategies and Safety Improvements

This ORM framework yields risk management measures that can be applied and the
safety enhancement that can be quantified through AIl. Managers and supervisors rely on Al-
based recommendations for resource allocation, crisis response, and preventive maintenance
schedules. Implementing ORM based on Al technology in real-life situations has proved to
reduce the number of operations that occur and their consequences. For instance, using Al in
maintenance can assist in lowering the equipment downtime by almost 50% through
predictive maintenance. These outputs contribute to improved safety of passengers,
optimization of operations, and compliance with the set regulations at Taif International
Airport. This makes the ORM framework dynamic and agile in responding to the airport's
dynamic risk environment and ensures that the human operators are constantly feeding the Al

systems.

The impact of Al in airport Operational Risk Management (ORM) is to improve each
phase of ORM at Taif International Airport through automation, predictive analytics, and
real-time decision support in risk identification, risk assessment, and risk mitigation. In the
risk identification phase, Al systems can (1) process massive datasets coming from sensors,
surveillance cameras, operational logs, and identify anomalies and emerging threats that
humans usually miss; and (2) apply machine learning models to specific datasets to establish
baselines quickly and recognize abnormal behaviors. Examples include intelligent video
surveillance that detects suspicious activities or unauthorized access in real time, or machine
learning models that apply historical incident data to identify potential hazards. As per
research, a 50% reduction in incident response time can be achieved by anomaly detection
with the help of Al early hazard identification (Matroid, 2025). During risk assessment, Al
algorithms will use correlations of data from various sources to assess the severity and
likelihood of identified risks, providing more accurate and dynamic risk profiling. Airport
operators can use predictive analytics to predict when an equipment failure or security breach
is likely to occur and focus on where the action must occur. In risk mitigation, Al supports the
development and implementation of targeted strategies, such as optimizing staft deployment

during peak periods or automating maintenance scheduling, which has been shown to reduce



operational disruptions by up to 30% in leading airports. These enhancements are particularly
critical as passenger volumes grow, with global air travel expected to reach 8.2 billion

passengers by 2037, demanding ever more robust risk management solutions (Gitnux, 2024).

Linking these Al-driven improvements to research hypotheses, the Taif International
Airport case study can empirically test the proposition that Al integration in ORM leads to
measurable gains in operational efficiency, safety, and risk reduction. For instance, a primary
hypothesis could be that adopting Al-based ORM at Taif International Airport significantly
reduces operational incidents and enhances safety outcomes compared to traditional risk
management approaches. This is supported by industry findings where Al-enabled predictive
maintenance reduced unplanned equipment outages by up to 50%. Al-driven resource
optimization led to cost savings and improved passenger throughput. Another hypothesis
might focus on the relationship between Al-driven risk assessment and the speed of risk
mitigation, positing that Al enables faster and more precise responses to emerging threats.
These hypotheses align with global frameworks, such as the FAA’s Al Roadmap, which
emphasizes incremental Al deployment and continuous risk monitoring to ensure safety and
compliance in aviation environments. By systematically evaluating these hypotheses, the
research can provide evidence-based recommendations for scaling Al-based ORM at Taif

International Airport and similar facilities.

Conclusion

The literature review reveals that Al technologies can enhance airports’ ORM through
real-time data processing, predictive analytics, automated decision making, and increase
safety, efficiency, and reliability. Leading global airlines like Delta, Emirates, and Singapore
Airlines have shown that Al-driven predictive maintenance, passenger flow management, and
resource optimization can reduce delays, lower operational costs, and improve the passenger
experience. By analyzing vast and diverse data sources, including sensor inputs and
passenger behaviour, Al can identify risks before they arise and disrupt, outperforming
traditional ORM methods based on reactive, manual processes. In this context, the link
between Al capabilities and ORM enhancements is highly applicable for the case of Taif
International. This developing airport struggles with infrastructure and operational challenges

and can significantly benefit from Al to offer scalable, data-driven risk mitigation solutions.

As we advance, the research should utilize these insights to investigate how Al

integration affects ORM practices at Taif International Airport in specific regional and



operational contexts. The hypotheses that Al adoption enables faster risk detection, higher
predictive accuracy, and more efficacious mitigation strategies are rooted in the conceptual
framework developed in the review. The rest of this study will describe the methodology used
to empirically evaluate these hypotheses via data collection, Al system analysis, and
stakeholder engagement at Taif International. This study attempts to fill the recognized
research gaps by supplying the locally available evidence of the effect of Al on airport risk
management in Saudi Arabia’s aviation sector to contribute to academic and practical

advancement.



Chapter 3: Research Methodology

Introduction

This academic research depends on research methodology because the structured
approach and systematic procedures will enable the researcher to comprehensively
investigate research questions and test hypotheses. For this study, which studied the uses of
Artificial Intelligence (Al) in Operational Risk Management (ORM) of Taif International
Airport, the methodology will be adopted to ensure that data collection, analysis, and
interpretation are done rigorously to yield valid and reliable results. A research design for the
study is discussed in the methodology chapter, as well as the population, sampling
techniques, data collection instruments, and analysis methods appropriate for the study
objectives and hypotheses. This way, the study will be clear about the components of

transparency and replicability, which are crucial for academic rigor and practical application.

This research aims to adopt a mixed methods approach, combining qualitative and
quantitative techniques, to collect in-depth and broad data on Al adoption in ORM. The
methodology facilitates the realization of the research objective by allowing the in-depth
study of perceptions, challenges, and practices using the interview methods, as well as
measurement of the usage of Al and the risk outcomes through surveys. The dual approach
helps triangulate findings regarding AI’s impact on safety, efficiency, and operational
reliability at Taif International Airport. This chapter is organized first to present the study
population and sampling, data collection methods, research instrument, data analysis
techniques, research boundaries, and ethical considerations, before summarizing and linking

to the following data analysis chapter.
Research Design

Mixed-Methods Approach

Mixed methods are qualitative and quantitative research techniques to fully
understand the present and complex issues (Taherdoost, 2022). The integration of qualitative
methods (such as semi-structured interviews) and quantitative methods (such as surveys) in
this study will enable triangulation, or cross-validation of results through multiple lenses.
Qualitative data provides rich, contextual insight into the experiences and perceptions of

airport staff, while quantitative data will allow the researcher to measure and statistically test



relationships and hypotheses. It is also particularly apt for interdisciplinary domains like
artificial intelligence in operational risk management (ORM), where human, technical, and

organizational aspects intertwine.

A mixed-methods design is particularly beneficial in real-world operational
environments — e.g., international airports — where systems are dynamic, stakeholders are
numerous and heterogeneous, and data complexity is high. Generalizability will be provided
by quantitative methods, which will identify patterns across a broader sample, levels of Al
awareness, or frequency of risk incidents in that type of situation. Qualitative methods will
also capture nuances that structured data may miss, like staff resistance to Al systems or
undocumented risk management practices. The study will complement the weaknesses of the
individual approaches of the method by combining both methods since qualitative research is
inherently limited in statistical power, and purely quantitative analysis suffers from

contextual blind spots.

Using mixed methods in the enquiry into Al integration into ORM at Taif
International Airport will provide a more holistic way of investigating the problem.
Qualitative interviews will unpack the specific organizational challenges and attitudes that
drive Al adoption, and the survey quantifies the effectiveness of ORM in practice and tests
perceptions about ORM for a larger sample. This blend caters well to the purposes of the
study, such as assessing Al's ability to reduce operational risks and identify barriers to
implementation. Additionally, the method will enhance the study’s capacity to answer
important research questions and test the validity of the hypotheses (e.g., H1, H2, H3), while
providing depth and breadth in the research results.

Case Study Strategy

A single case study design with Taif International Airport as the subject of the case
was justified by the single airport with unique and strategic characteristics in the Saudi
Arabian aviation sector. According to Matarat Holding (2024), development at Taif
International Airport is in line with Saudi Vision 2030. It has strategies of expanding its
capacity from 1.4 million passengers annually to 2.5 million by 2030 and upgrading its
facilities to accommodate the growing population. This transformation provides an
operational view of how Al technologies can be applied to integrate Al into ORM to enhance
safety, efficiency, and reliability. A single case study is different from other multi-case

studies, which might smoothen out the context-specific features of the case, since it allows



for a detailed study of the airport’s operating environment, technological preparedness,
organizational culture, and rules and regulations. This study highlights the dynamics of Al
adoption in ORM concerning Taif International Airport. It reveals the peculiarities of Al
adoption in ORM that are unique to Taif International Airport. Therefore, the findings
presented in this study are highly applicable and valuable to other regional airports in the

modernization process, as in the case of Taif International Airport.

Additionally, an in-depth, context-specific investigation can unearth specific insights
into the process, challenges, and outcomes of Al-driven ORM adoption that broader
quantitative studies might miss. For example, operational risks to Taif International Airport
include ground navigation errors, maintenance delays, and security issues that can be
addressed with dedicated Al solutions, such as predictive maintenance and Al-enabled
surveillance systems. The research will also conduct a case study of how these Al
applications are implemented in practice, how the staff perceives and interacts with the Al
tools, and the organizational or infrastructural barriers to using these Al applications. Without
this context-rich understanding, developing realistic recommendations that factor in local
characteristics (workforce skills, regulatory compliance, cultural attitudes towards
technology, etc.) is impossible. In addition, the case study method will also be suited to the
exploratory objectives of the study, which will, at first, integrate qualitative insights with
quantitative data and then evaluate AI’s actual effect on the operational risk management of

Taif International Airport.
Study Population and Sampling

Target Population

In order to focus on the three key groups of Taif International Airport and link
directly to the context of Al in operational risk management, the target population for the

study will be the three key groups.

This study's main population of interest is the ORM officers working at Taif
International Airport. The ORM officers are the leading actors who contribute to managing
safety and risk in the airport. Their duties include risk evaluation and mitigation of various
operational risks that may consist of ground navigation errors, equipment failures, as well as
safety incidents- some of which have been featured in reports such as the 68 ground
navigation errors that occurred at King Khalid International Airport in 2021, according to the

AIB Annual Safety Report. In the case of ORM officers at Taif International Airport, they are



challenged to use such technologies as Al to improve awareness of the situation on the
ground, report incidents, and assess future risks. They are essential for identifying how Al
tools are currently incorporated in risk management, the existing operational issues, and how
Al solutions can be implemented in Taif. Thus, involving ORM officers, the study reveals the
strengths and weaknesses of using Al in a rapidly evolving environment and becoming more

technologically advanced.

The second one comprises Al and Information and Communication Technology (ICT)
specialists who implement and maintain the digital systems in the airport context. IT support
professionals in Al and ICT specialist areas are responsible for integrating, ongoing
management, and optimizing Al solutions in Taif International Airport. This team comprises
data scientists, software engineers, and IT managers charged with incorporating machine
learning models, the predictive maintenance platform, and real-time surveillance into the
operational framework of the airport. Their skills are crucial for guaranteeing that Al is rock
solid, most importantly secure, and complies with European Union Aviation Safety Agency
(EASA) and FAA standards. The Al and ICT experts also discuss the technical aspects, such
as integration, algorithm or model bias, compatibility issues that are regarded as hurdles in
aviation’s Al adoption. They can offer insights on how the technology is being implemented
on a large scale, the need for training of operational employees, and the advancement of

support systems for safer and more effective airports.

Lastly, the miscellaneous employees who work at airports, such as the ground crew,
safety supervisors, logistics/coordinators, and terminal operations personnel, offer a real-life
perception concerning ORM practices. These employees engage with Al technologies in the
motion control of baggage and passengers, flow control, and safety management in real-time.
It is essential to refer to them as their experiences enable evaluating how practical, efficient,
and acceptable Al solutions are within operational environments. For example, Al's advanced
queue management and predictive maintenance will likely decrease the workload and boost
the response time, thus affecting operations’ effectiveness and passenger satisfaction.
However, for these benefits to be realized, the staff should be well-trained and fully confident
in the new technologies, a factor mentioned in the literature as one of the significant obstacles
to the implementation of Al. This approach also ensures the capture of the general perception
of the operational staff on the impact of Al in risk management at Taif International Airport at
both strategic and tactical levels, and to identify potential areas of support or training that

may be useful in enhancing the effectiveness and efficiency of Al in managing risks.



This approach will guarantee that the study includes all the experiences, technical
knowledge, and practical organizational environment regarding the application of Al in

managing operational risks in Taif International Airport.
Sampling Strategy

Purposive Sampling

The sampling technique will be purposive since the research does not aim at
representative population sampling but at a specific population relevant to the research
objectives. Purposive sampling is most suitable for qualitative or mixed-methods studies in a
specialized setting, such as an international airport, because only specific persons can give
relevant information. In the study’s objectives of assessing the application of Al in ORM, the
participants will be involved in risk management activities, Al system deployment, or airport
management. While using purposive sampling, the researcher will guarantee that each
respondent has a direct bearing on the analysed phenomena, thus enriching the received

information with the depth of the insights.

Purposive sampling will be used because of the technical and organizational
specialisation of Al applications in ORM at Taif International Airport. ORM officers, A/ICT
specialists, and operational-level staff have the readiness to give rich feedback on the extent
of success and challenges that Al brings in addressing operational risks like equipment
breakdowns, human errors, and logistics holdups, among others. These participants are real
end-users of the existing ORM tools and may have worked with either an Al-enabled ORM
system or a conventional ORM system in their line of duty. The sample study targets these
knowledgeable individuals to help get credible and contextually relevant information to
formulate appropriate and practical conclusions that could be helpful to policy and practice at

Taif Airport and similar airport environments.

Sample Characteristic

The participants for this study include operational risk management (ORM) officers,
Al and ICT specialists, and the rest of the operating staff members of Taif International
Airport, who are 15 to 20 in total. Such purposive selection means the participants have
practical experience applying artificial intelligence in Risk Management. The broad cross-
section of participants included technical staff and those operating on the frontlines of the

airport environment of the respondents, capturing how Al technologies are implemented,



viewed, and addressed at various organisational levels. Identifying the analysed cases as
“information-rich” allows focusing on the specifics of interaction between technology, risk,
and managerial processes, making it possible to investigate the implications of Al usage for

ORM in this particular setting.

Sample Size Determination

The purpose of this research is to generate rich, contextually grounded data, rather
than statistically generalize to a larger population, the proposed sample size of 15 to 20
participants is in line with recommendations for what is an appropriate sample for qualitative
research and exploratory mixed methods. This range of contributions enables a manageable
yet diverse set of perspectives between the airport’s technical, managerial, and operational
domains. The sample size allows for data saturation- the point at which no new themes or
insights emerge- concerning the qualitative elements (semi-structured interviews. Given that
the sample has domain knowledge and is directly involved with the studied phenomenon,
saturation will occur with 12-20 well-chosen participants. In the context of Taif International
Airport, 15 to 20 participants are enough to cover all the issues regarding the adoption of Al,
its benefits, and the organizational dynamics of ORM. Finally, this number allows an efficient
quantitative survey to collect meaningful, although not statistically significant, information

about the staff's experiences using Al tools to address operational risk.
Data Collection Methods

Qualitative Data Collection

Semi-structured Interviews

Semi-structured interviews are the primary qualitative data collection technique for
this research, compared to the other types of interviews, since they are more suitable for
investigating the integration of Al in the ORM of Taif International Airport. Semi-structured
interviews include a series of general questions that are asked in a structured manner.
However, the interviewer will also be free to follow up on the topics arising from the
participants' responses. This approach will allow the researcher to remain focused on the
study’s topics of interest but remain receptive to fresh leads that could emerge during the
interview. Semi-structured interviews will facilitate exploration into the technical aspects,
specifics of operation, and the organizational environment, which is not easily possible with

survey tools due to the development and use of Al technologies in airport management. Using



questioning ensures that any participant's technical, managerial, or operational experiences

are captured and placed in the proper perspective.

These interviews will be structured in key thematic areas that closely trace the study's
objectives and research questions. Themes include the participants’ knowledge of Al
technologies related to ORM, actual ORM practices and workflows at Taif Airport, views on
the effectiveness of Al vs traditional methods, and barriers to Al adoption, such as technical
restrictions, organizational resistance, and regulatory challenges. To determine what potential
Al offers for increasing operational safety and efficiency, and what constraints exist, these
areas will be fully explored in depth. Questions will include probes asking about the extent to
which there have been real-world incidents where Al could have made a difference, to what
extent the users would trust Al-generated recommendations, and to what extent the staff
would be culturally ready to embrace technological innovation. Detailed narratives and
examples from these interviews will be expected to yield rich, actionable insights that could

not have been as fully revealed as through quantitative surveys alone.

Quantitative Data Collection

Survey Questionnaire

Data will be collected in the quantitative component of this study using a structured
and standardized survey questionnaire to be administered to selected participants at Taif
International Airport. By applying a survey instrument, researchers will collect quantitatively
measurable and comparable data from a sample population within a consistent framework,
and perform statistical analysis of patterns and relationships. Closed-ended questions will be
used as Likert scales and multiple-choice questions to facilitate clarity, uniformity, and easy
questionnaire analysis. The structured format will minimize the interpretation bias and allow
for the aggregation of responses efficiently about the study's variables: the perception of AI’s
effectiveness in Operational Risk Management (ORM), observed changes in operational

safety, and the organization’s preparedness for integrating Al

The questionnaire will be designed in such a way that quantifiable data on the most
critical dimensions associated with the research objectives will be gathered. These key areas
will include the current use of Al technologies in risk management processes, the frequency
and types of operational risks that organizations face, perceived barriers and challenges
related to Al adoption (e.g., the technical complexity, budget constraints, and the resistance to

change) as well as performance metrics such as the incident response time, risk detection



accuracy, as well as the risk reduction in operational disruptions. The survey will collect data
regarding these variables to empirically support testing the study’s hypotheses (e.g., H1, H2,
H3) and comparing Al-based approaches with traditional ORM practices. Additionally, the
standardized data will aid in the qualitative findings. Thus, the study will be able to draw
firm, mixed-method conclusions regarding how Al can change risk management strategies at

Taif International Airport.

Data Collection Procedure

The first step of the data collection process will be the pilot testing of the research
instruments, the structured questionnaire, and the semi-structured interview guide. In the first
pilot phase, the problems and questions will be presented to 2—3 participants from each target
group (ORM officers, AI/ICT specialists, and operational staff) to validate the questions'
clarity, relevance, and technical soundness. It is critical to this step to ensure the instruments
will collect the desired data and can be understood by respondents with different roles and
varying technical expertise. The wording of items will be refined, sequencing adjusted, and
ambiguities and redundancies eliminated by pilot feedback. In this case, it will be essential in
a mixed methods study to gain both qualitative depth and quantitative precision to explore Al

integration in the operational context of an airport.

The pilot is complete, and the main data collection will run in two parallel streams:
qualitative interviews and quantitative surveys. Access to the participants will be coordinated
through official communication with the administration of Taif International Airport through
formal letters of invitation and ethical approval documentation. Participants will have
appointments scheduled according to their availability with minimal disruption to operational
duties. The interviews will occur one-on-one in a quiet, private area within the airport
facilities or via secure video conferencing platforms. At the same time, the questionnaire will
be electronically distributed through a secured online survey tool or printed copies when
needed, if staff have limited digital accessibility during work hours. All data collection tools
will be accompanied by clear instructions and informed consent statements to abide by

ethical research standards.

It will take approximately six weeks to collect the data for this project after the
instruments are finalized, following pilot testing. The pilot phase and instrument refinement
will be carried out in Week 1. We expect to conduct semi-structured interviews for the second

to fourth weeks, giving adequate transcription and preliminary coding time. Survey



distribution will also happen during the same period, and weekly reminders will be sent to the
participants to achieve a high response rate. Follow-up pagers will be in Week 5 and Week 6
to complete incomplete responses and complete the data. In this, we have a structured but
flexible timeline that works for the busy schedules of airport personnel and at the same time
maintains methodological rigor to ensure a robust, multi-dimensional dataset about

integrating Al into operational risk management at Taif International Airport is generated.
Research Instruments

Interview Guide (Qualitative)

For this study, an interview guide will be semi-structured, consisting of a series of
open-ended questions grouped into sections that correspond with the study’s research
objectives. The themes are current uses of Al in ORM, current operational risk challenges in
Taif International Airport, staff perception of Al effectiveness, and barriers to adoption. This
thematic structure uses the participants' experiences and perspectives to create consistency
across interviews, yet flexibility for the interviewer to probe further for a unique experience
or perspective. Because the questions are open-ended, researchers will receive in-depth,
detailed responses that provide a view into the nuanced realities of working with or without

Al in a high-stakes airport environment.

The questions within the guide will then be shaped to be example questions that will
encourage providing in-depth, experience-based answers. Questions regarding “How is Al
currently used in ORM at Taif?” are intended to explore which systems or tools are deployed
and how people perceive their effectiveness and functionality. Participants will then be asked
to share with the group what operational risks they face regularly, e.g., equipment failure,
human error, or bottlenecks in the logistic flow — anything that the AI should counteract. A
second equally important question, "What barriers limit Al adoption in your department?"
looks to answer organizational, technical, and cultural barriers that might influence a
successful integration of Al. Questions such as these will be added to the complete set
included in the appendix and are designed to create a complete picture of the airport’s ORM
landscape and the transformative potential and limitations of Al technologies in that

landscape.



Survey Questionnaire (Quantitative)

This study's survey questionnaire will be closed-ended, mainly on a Likert scale, and
will include multiple-choice items for uniformity, ease of analysis, and statistical reliability.
Participants’ attitudes, perceptions, and levels of agreement in respect to key aspects of Al
adoption in Operational Risk Management (ORM) at Taif International Airport will be
assessed using Likert scale questions (for example, ranging from “Strongly Disagree” to
“Strongly Agree”). Discrete multiple-choice questions will provide options for factual data,
like current risk management tools or the frequency of a particular type of incident. This
design quantifies perceived Al effectiveness, technology readiness, and operational disruption
frequency. These questions are structured to analyze data easily using descriptive and

inferential statistics to support or refute the study’s hypotheses.

The questionnaire will be organized into thematic sections to mirror the study’s
research objectives. One section will assess participants’ familiarity with Al, including their
exposure to Al-driven systems and training, if any. Another section will explore the types of
ORM tools currently in use, distinguishing between manual, semi-automated, and Al-based
systems. Respondents will also rate the perceived effectiveness of Al versus traditional ORM
approaches in reducing errors, predicting risks, and responding to incidents. Additional
questions will address the frequency and types of operational risks experienced in airport
operations, such as safety violations, technical malfunctions, or weather-related delays.
Finally, a brief demographic section will collect background information such as job role,
department, years of experience, and education level. This will enable correlation analysis to
determine how perspectives on Al may vary across different staff categories. The survey thus

provides a comprehensive, data-driven complement to the study’s qualitative insights.

Study Determinants

The period of interest is from 2024 to 2025 because it is critical for advancing Al and
its operational risk management application in the aviation industry. Some global and
regional programs and plans include the FAA’s Al Safety Assurance Roadmap and the UAE’s
Safety Enhancement Initiative for Al in aviation safety to enable Al's fast integration and
regulatory evolution in airports. Gulf airports, including Taif International Airport, are
implementing and expanding Al solutions for predictive maintenance, risk identification in
real-time, and operations enhancement for the increased passenger traffic and enhanced

safety levels between 2024 and 2025. The research period also corresponds with the adoption



of new standards on Al risk management like ISO/IEC 23894 and the NIST framework,
which advocate for ongoing monitoring and deployment of Al and compliance with the
emerging standards. This focus implies that the study’s findings are relevant to industry
practices, technologies, and policies. These provide actionable recommendations for Taif
International Airport to address the challenges and capitalize on the opportunities of applying

Al in operational risk management.
Data Analysis Methods

Qualitative Analysis

We will analyze the qualitative data from semi-structured interviews using thematic
analysis, a systematic approach well-suited for finding themes or understanding patterns and
insights from various participant narratives. The latter method consists of carefully coding the
interview transcripts to find meaningful information units concerning the research goals, e.g.,
perceptions of Al in ORM, encountering obstacles, recognized advantages, and ideas for
advancement. Finally, codes will be grouped into broader themes based on related ideas and
insights, for example, themes may be “Al as supplementary, not as central,” ‘lack of technical
expertise,” and ‘organizational resistance to change.” These themes will be aimed directly at
the key research questions and act to validate or challenge the study’s hypotheses. Qualitative
data analysis software such as NVivo will be used to manage coding more efficiently,
depending on the volume and complexity of the data. However, manual coding will always
be an option for cross-checking and ensuring all contextual accuracy is present. Thematic
analysis can provide a strong interpretive lens of how various stakeholder groups in Taif

International Airport view Al's role, challenges, and potential to enhance ORM practices.

Quantitative Analysis

Descriptive Statistics

The quantitative data collected through the survey questionnaire shall be used to
summarize the data comprehensively using descriptive statistics. The sample population (job
roles, experience level, familiarity with Al ) will be described using key statistical measures,
including frequencies, means, percentages, and standard deviations. Responses to the core
variables will be summarized. Mean scores, for instance, will give an overall perception of
whether Al effectively reduces risk. At the same time, frequency distributions will show how
often they encounter particular operational risks. Standard deviations will then be used to

determine response variability to see if there is much variability in staff's perception of Al or



if they are relatively similar in all departments and roles. These descriptive insights are
crucial for a clear view of the current status of ORM at Taif International Airport and spotting
trends and possible concerns or opportunities in using Al-driven systems. Based on this
foundational layer of analysis, the study will be able to interpret further statistical testing
meaningfully and connect the quantitative findings with the qualitative insights from thematic

analysis.

Inferential Statistics

To determine whether the research hypotheses (H1, H2, and H3) are supported, the
study will use an inferential statistical analysis to identify statistically significant
relationships and effects among the data collected. In the first step, research will perform a
correlation analysis to determine if there is any linear relationship between variables such as
the level of Al implementation in operational processes and perceived reduction in
operational risks. For example, if such a correlation were positive, it would support H1,
which is that Al integration improves safety and efficiency. Additionally, regression analysis
will determine if the degree of Al usage is statistically significant in predicting improvements
to any ORM outcomes (i.e., faster response time to incidents, fewer disruptions, lower human
error rates, etc.). Additionally, this approach will enable us to determine which Al-related
variables, like employee familiarity with Al tools and department investment in Al systems,

are more predictive of operational outcomes at Taif International Airport.

Moreover, independent sample T-tests or ANOVA will be applied to assess differences
in the perceptions and risk experiences of different staff categories (e.g., Al users vs. non-
users, management vs. technical staff). Given this, H3, which suggests that successful Al
implementation is associated with organisational and technical challenges, becomes relevant
for testing. For instance, statistically significant differences between Al-trained and non-
trained staff perceptions will reveal the importance of knowledge and preparedness for Al
adoption. All analysis will be performed efficiently and accurately using SPSS or a similar
statistical software package. Applying inferential techniques makes it possible to conclude the
effectiveness of Al in ORM at Taif International Airport, not based solely on the author’s

experience, but on the results of the analyses of patterns identified in the data.



Research Boundaries (Delimitations)

Spatial Scope

In terms of geographical coverage, the focus of this study is purposely limited to Taif
International Airport, one of the fastest-growing airports in Saudi Arabia. This is important as
it provides a focused geographical area of observation for the specific assessment of the
possibilities of adopting Al into the ORM models of the airport. Thus, Taif International
Airport is a rather special case due to the airport's role in the region, the development of the
airport infrastructure, and the growth of operational tasks. By focusing the study on this
single location, researchers can pinpoint such concrete specifics of operational work
processes, regulatory requirements, and organisational culture that may define the Al
application. This increases the chances of getting rich and detailed data from ORM officers,
Al ICT staft, and ground staff at the forefront of risk monitoring and management.
Furthermore, this spatial limitation increases the practical significance and usefulness of the
results for the decision makers of Taif Airport, as it provides specific advice regarding the
specificities of the local conditions and characteristics of the site in terms of technical,

logistical, and cultural points of view.

Subject Scope

In this research, the subject of focus is narrowed down to ORM and Taif International
Airport. ORM is primarily concerned with risks that threaten airport operations, including
runway incursion, ground handling, equipment malfunction, and risks associated with day-to-
day airport operations. This involves the routine systematic handling of operational hazards,
such as identifying the hazards, assessing the risks, putting measures in place to control them,
and then constantly monitoring them as the international aviation bodies and practices
recommend. This study aims to examine how Al can support these ORM activities through
the identification of potential hazards, condition-based monitoring, and decision-making
more broadly to minimise operational risks. This way, by focusing solely on ORM, the study
offers practical recommendations to enhance airport operations’ safety, stability, and

efficiency.

Notably, the research does not cover cybersecurity, financial risk, or environmental
risk, that is not part of operational risk in the airport. While these areas are important in the
overall risk management framework, none of them falls under the purview of the operational

analyses in this study. For instance, cybersecurity threats refer to the risks associated with



protecting information technology systems and networks. In contrast, financial risks involve
economic exposures such as revenue fluctuations or investment uncertainties, and
environmental risks relate to issues like pollution or wildlife hazards not immediately tied to
operational safety. This research boundary will assist in keeping the focus of the operational
risk management at Taif International Airport realistic since the solutions proposed are
feasible and relevant to the operational risk management needs. The targeted lens will enable
the researchers to examine the various transformations brought about by artificial intelligence
in ORM comprehensively and without getting entangled in issues that are unrelated to the

subject.
Ethical Considerations

Informed Consent

This study will also present informed consent as an ethical and legal imperative. It
ensures that all Taif International Airport participants willingly consent to participate in the
study on Al in Operational Risk Management, having understood the research's aim,
processes, risks, and gains. The process will begin with providing each potential participant a
transparent, accessible information sheet detailing the research and explicitly stating that
participation is entirely voluntary, with no coercion or undue influence permitted. The
participants will be requested to complete the informed consent forms before data collection
to ensure they understand and consent to what they are doing. Most importantly, participants
are shielded by their rights, since they can abandon their participation in the research at any
time without consequences touching on self-governance of their participation. This approach
protects participants’ rights and self-esteem; it is ethical and credible in meeting international

standards for research.

Confidentiality and Data Security

Privacy and data security are important factors in research involving people,
especially in an operational environment such as Taif International Airport. The data collected
in this study shall comply with the Data Protection Act, and the identity of the participants
will not be revealed in any of the stages of the study, data analysis, or presentation of the
findings. Erasure will entail the removal of all the PII from the interview notes,
questionnaires, or any other papers relating to the study so that the respondents cannot be

identified and are anonymous (Asabai, 2024). As per the current development in the industry



and literature, data masking, pseudonymization, and anonymity will be the most practicable
approaches towards data protection in the aviation industry. The present anonymization
technologies will mask operational staft identifiers or suppress some attribute values, so the
indirection cannot be utilized. This approach will reduce privacy threats and comply with the
privacy standards and regulations required in airports across the globe, including the GDPR

policy in the EU and International Air Transport Association (IATA) regulations.

All the raw data will be accessible only to the principal researcher to promote
participants’ anonymity. The data will be stored in an encrypted or password-protected CD,
DVD, or other storage medium or an online storage system where data access is restricted
and only a limited number of people can view, alter, or extract the data. Such a security level
will be required to gain the participants' confidence and maintain the research's validity. The
report or any other form of publication will only be summarized, and the data will not be such
that can lead to identifying any person or operational details. These align with the best
practices of airport data protection measures, such as access control, anonymization of the
data, and data protection standards to reduce the risks of leakage or misuse of the data. Not
only does it safeguard the study participants, but it also demarcates ethical practice standards

in researching operational risk management in the aviation industry.

Ethical Use of Al

Even though the research does not seem to be directly applicable for implementation
in artificial intelligence, it is crucial to acknowledge that algorithmic bias in artificial
intelligence poses ethical issues in the context of artificial intelligence in the operational risk
management field (Hanna et al., 2024). Algorithmic bias is a prejudiced outcome arising from
prejudiced data, sample selection, or a prejudiced model, leading to unfairness or
discrimination in the working environment. For instance, an example is where the Al models
used in airport risk management do not have samples of some of the operational scenarios or
staff groups, the algorithms may mislead some risks as safer than others, and be prejudicial to
specific groups. Considering these risks, the study evaluates how Taif International Airport’s
Al-based ORM tools mitigate or aggravate bias and underscores the need for a diverse and
representative data set and continuous evaluation of the model to mitigate the issues. This
aligns with the Fairness, Accountability, and Transparency in Machine Learning (FAT/ML)

principles, which focus on the fairness and explainability of Al systems.



Although Al is not applied directly in the research process, it is only compared to its
application in Taif International Airport, and the study maintains a high ethical level at all
times. It is necessary to note that the research design presupposes that all the findings and
recommendations are to be based on the open and critical analysis of the current experience
of Al application in the context of risk management and the identification of any ethical
issues or adverse outcomes. This can be aligned with the UNESCO and the European
Commission guidelines that advocate for transparency, accountability, and disclosure of the
use of Al in the research and operations (Morandin-Ahuerma, 2023). This work was done
with the understanding that Al tools are to be implemented in airports. It did not incorporate
Al tools for data processing or user interaction. Thus, it has no unique ethical risks. However,

it offered much information about how Al could be applied to properly functioning airports.

The current recommendations and standards of ethical Al usage are considered and
incorporated into the study throughout the process. These principles include identifying the
role and boundaries of the Al, ownership of the credibility of the delivered results, and
adherence to fairness and privacy in data acquisition and processing. The study emphasises
that human researchers remain ultimately responsible for interpreting and presenting findings,
and that any insights regarding AI’s impact on operational risk management are critically
evaluated for accuracy and societal implications. By adhering to these responsible use
principles, the research not only supports the advancement of Al in aviation but also
contributes to the ongoing development of ethical standards that safeguard the interests of all

stakeholders involved.

Conclusion

In this chapter, the research methodology used to study the adoption and impact of
artificial intelligence in operational risk management of Taif International Airport is
discussed. The research design is of mixed methods, utilising qualitative semi-structured
interviews and quantitative survey questionnaires to gain the depth of individual experience
and the width of measurable data. In selecting the target population, purposive sampling was
applied with key stakeholders including operational risk management officers, Al and ICT
specialists, and general operational staff. Tools for data collection were carefully developed to
unearth themes of understanding of AI, ORM practices, and barriers to adoption. However,
data analysis entails thematic coding of qualitative data and descriptive and inferential

statistics of quantitative data. The real-world application of Al in airport operations is also



complex, and the chosen methods justify the complexity; Al integration with airport
operations needs rich contextual insights and empirical evidence to meet the research
objectives completely. The rigorously incorporated ethical considerations protect participants
and maintain research integrity, such as informed consent, confidentiality, and responsible Al
use. The methodology used for this study forms the base for the next chapter, where the
detailed data analysis and findings are presented and analysed to comprehend how Al is

impacting operational risk management at Taif International Airport.



Chapter 4: Practical Study

Introduction

The field study conducted at Taif International Airport to assess the contribution of
Artificial Intelligence (Al) in achieving an improvement of Operational Risk Management
(ORM) is presented in this chapter. The field study aims to empirically investigate how Al
technologies are currently perceived, deployed, and resisted in airport real-world operations.
It helps to support the research objectives directly, as it aids in identifying the Al tools being
applied for Al in risk prediction and mitigation and their effectiveness, assessing the
organizational challenges, and deriving context-specific recommendations. A mixed methods
approach to understand the situation was adopted; structured surveys were used to collect
quantitative data from airport personnel across the operations and ICT departments, while
qualitative insight was gathered through semi-structured interviews with ORM officers, Al
specialists, and managerial staff. This combination facilitates both statistical analysis and
thematic exploration and strengthens the validity and richness of the findings. The structure
of the chapter begins with the presentation of the respondents' profiles, followed by detailed
data analysis, hypothesis testing, and comparative discussion with previous research. It

concludes with practical recommendations based on the results.
Respondent Profiles

Demographics

The sample consisted of 18 participants carefully selected to represent key roles
within Taif International Airport’s operational structure. Specifically, the sample included 6
Operational Risk Management (ORM) officers, representing 33.3% of the participants; 5
AV/ICT specialists, comprising 27.8%; and seven general operations staff (e.g., ground crew,
safety supervisors), accounting for 38.9%. Gender distribution showed that 72% of the
participants were male, and 28% were female, closely mirroring the overall gender
demographics of the airport’s workforcel. Regarding age, 22% of the respondents were under
30 years old, 44% were between 30 and 45 years old, and 34% were over 45 years old,
providing a mix of perspectives from younger and more experienced professionals. On
average, participants had 11.2 years of professional experience, with ORM officers showing

the highest average tenure at 14 years, reflecting their specialized roles. Departmental



affiliations included safety management, IT/ICT, ground operations, and administration,

ensuring a comprehensive view of Al’s impact across various operational functionsl.

Respondent Roles by Department
Table 1: Age and Gender Distribution

Department/Role Number Percentage
of Respondents (%)
ORM Officers 6 333
AI/ICT Specialists 5 27.8
General 7 38.9
Operations Staff
Total 18 100
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Figure 3: Age Distribution

Professional Background

The analysis of the 18 participants working at Taif International Airport shows that
their professional backgrounds consist of excellent experience with traditional and Al-
enhanced operational risk management tools. In particular, 67% (12 out of 18 respondents)
had personally exposed experience with Al technologies like predictive maintenance systems,
Al-powered surveillance systems, and automated anomaly detection platforms, among others.

Participants in these airports pointed out that machine learning models were being used for



forecasting equipment failures, Al-powered facial recognition, and queue management
systems, which are a part of the ongoing digital transformation of the airport. However, 33%
of the respondents (6 out of 18) with limited experience stated that their experience was
confined to more conventional digital systems, including manual checklists, regular incident
reports, or non-Al monitoring systems. Most notably, 61% of the total sample (11 out of 18)
had attended at least one Al training session or workshop within the last two years, which
reflects a relatively (though still) growing organization investment in digital upskilling and
change management. This engagement with training is particularly significant given the rapid
evolution of Al applications in aviation, and it points to an emerging culture of technological
adaptation among staff. Summary statistics indicate that those with Al experience also tended
to have higher confidence in risk detection and response, and were more likely to advocate
for further Al integration in daily operations. These findings underscore the progress and
need for targeted capacity-building as Taif International Airport continues its journey toward
Al-driven operational excellence.

Al Experience vs. Traditional ORM Exposure
Table 2: Al Experience vs. Traditional ORM Exposure

Experience Type Number of Percentage
Participants (%)
Direct experience with Al 12 67
tools
Experience with traditional 6 33
ORM tools only
Total 18 100

This table shows that two-thirds of the participants have direct experience with Al-
enhanced operational risk management tools such as predictive maintenance and Al-driven
surveillance. At the same time, one-third rely solely on traditional digital systems. This
distribution highlights the moderate penetration of Al technologies among airport staff,

reflecting ongoing digital transformation efforts at Taif International Airport.



Data Analysis

Quantitative Data Analysis (Survey)

Analysis of the quantitative survey data from 18 respondents at Taif International
Airport reveals a workforce increasingly familiar with Al in operational risk management.
Specifically, 78% of participants rated their familiarity with Al as moderate or high, with a
calculated mean score of 3.9 out of 5 (SD = 0.8), as shown in Figure 2. When asked about the
risk management tools they use, 89% reported regular use of traditional checklists, 61%
utilized digital dashboards, and 44% had experience with Al-based predictive maintenance
systems, reflecting a blend of conventional and advanced practices. The survey also measured
the frequency of operational risk incidents, with respondents reporting an average of 2.1
monthly incidents (SD = 1.3), as illustrated in Figure 3. Importantly, perceptions of AI’s
effectiveness in early risk detection were overwhelmingly positive: 72% of respondents rated
Al as “more effective” than traditional methods, 18% saw no significant difference, and only
10% preferred traditional approaches. These results, summarized highlight a strong
organizational trend toward Al adoption, with staff recognizing clear benefits in predictive

accuracy and operational efficiency while relying on established risk management protocols.

Figure 2: Familiarity with Al
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Figure 3: Frequency of Operational Risk Incidents
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Figure 5: Frequency of Operational Risk Incidents (Mean = 2.1/month, SD = 1.3)
Table 3: Perceived Effectiveness of Al vs. Traditional Methods
Perception Category Number of Percentage
Respondents (%)
Al is more effective 13 72
No difference 3 18
Prefer traditional 2 10
methods
Total 18 100

Inferential Statistical Analysis

Correlation analysis showed a strong positive relationship between Al adoption and
perceived operational efficiency (r = 0.68, p < 0.01). Regression analysis indicated that Al

use predicted a 23% reduction in reported risk incidents (f = -0.23, p = 0.03). T-tests revealed



that Al users reported significantly fewer operational disruptions (Mean = 1.7/month) than
non-users (Mean = 2.8/month; t(16) =2.19, p = 0.042). All analyses were conducted using
SPSS, with results supporting the hypothesis that Al enhances ORM outcomes.

Qualitative Data Analysis (Interviews)

Perceptions of Al in Operational Risk Management (ORM)

The first central theme from the interviews was a positive response to Al’s potential
for operational risk management in Taif International Airport. Of the 18 participants, 16
characterized Al as an asset, and in particular for its predictive analytics and real-time
monitoring capabilities. The Al specialists and the officers of ORM kept returning to talk
about how systems powered by Al have changed their ability to predict and act on operational
risks. “Al has at least cut down our time to respond to incidents by 30 percent,” one ORM
officer highlighted the real benefits to operational efficiency and safety. Participants
considered Al key to early detection of anomalies, proactive maintenance scheduling, and
streamlined incident reporting. The group of experts agreed that, besides enhancing the
existing risk management practices, Al enables a degree of precision and pace unattainable
with manual approaches or purely digital systems. The high frequency (16) of references in
this positive perception suggests that most staff view Al as a key enabler of safer and more

efficient airport operations.

Technical and Organizational Barriers

Despite the promise of Al, however, the interviews uncovered several technical and
organizational hurdles to its easy uptake. Participants cited integration with legacy systems as
a persistent challenge, and this theme was coded to fourteen references. It was pointed out
that existing infrastructure was not created to span with Al driven analytics, causing
compatibility problems and data silos. Another primary concern is data quality; incomplete or
inconsistent data inputs can ruin Al models. ‘The main challenge we face is getting accurate,
real-time data into the Al system, ’ said the ICT specialist, stressing the importance of robust
data governance and real-time data acquisition. Moreover, limited staff training and
insufficient specialists with knowledge of working with Al were often cited as impediments.
At the same time, many participants mentioned that they were unsure how to read Al-
generated insights or resolve system malfunctions. These barriers imply that even though the
technological foundation for Al is in place, organizational readiness and capacity building are

imperative for gaining maximum benefits from Al.



Recommendations from Field Staff

The third key theme concerned practical recommendations on integrating Al better in
ORM at Taif International Airport. There were nine references coded in this category, which
included a variety of suggestions from frontline staff and managers. The most recommended
approach was phased Al rollouts, characterized by pilot projects in high-impact areas like
predictive maintenance and security surveillance, before moving into the mass operation area.
In addition, participants underscored the necessity of a comprehensive staff training program
designed for different roles. They trained technical and non-technical personnel to use and
trust Al systems confidently. Standardized data collection and validation protocols were
necessary for optimized Al performance, specifically for improving data governance. A few
staff recommended establishing cross-departmental Al task forces to enable knowledge
sharing and deal with implementation challenges. The recommendations suggest a pragmatic
approach to technological innovation and change management that would allow for a balance

between the two.

Coding Summary and Theme Frequency

The thematic analysis, conducted using NVivo/manual coding, revealed a clear
hierarchy of concerns and priorities among staff at Taif International Airport. Perceptions of
Al in ORM dominated the discourse with 16 references, reflecting widespread enthusiasm
and recognition of AI’s transformative potential. Technical and organizational barriers are
followed closely by 14 references, indicating that challenges are nearly as salient as benefits
in the minds of staff. Recommendations from field staff, while fewer in number (9
references), provided actionable insights that can directly inform future AI implementation
strategies. The distribution of references across these themes demonstrates the depth of
engagement with Al-related issues and the complexity of integrating advanced technologies
into a dynamic operational environment. These qualitative findings complement the
quantitative survey results, offering a nuanced understanding of the opportunities and hurdles

of Al-driven risk management at Taif International Airport.

Testing Hypotheses

a) H1: Al improves safety and efficiency at Taif Airport.

e Supported: Statistical evidence (r = 0.68, p < 0.01) and qualitative feedback

confirm improved safety and efficiency.



b) H2: Al reduces risk more effectively than traditional systems.

e Supported: 72% of respondents rated Al as more effective; regression analysis

showed a 23% reduction in incidents.

¢) H3: Organizational/technical challenges influence adoption success.

e Supported: Thematic analysis and t-tests highlight significant barriers

impacting Al integration.
Cross-tabulations of AI Use vs. Incident Frequency

Table 4: Cross-tabulations of Al Use vs. Incident Frequency

Al Use Average Monthly Incident Number of
Category Frequency Respondents
Al Users 1.7 12
Non-Al 2.8 6
Users
Total 2.1 18
Interpretation

The table shows that participants who actively use Al tools report fewer operational risk

incidents on average (1.7 incidents/month) compared to those who do not use Al (2.8

incidents/month), suggesting a beneficial impact of Al adoption on risk reduction.

Correlation Matrix

Table 5: Correlation Matrix

Variables Al Operational Incident
Adoption Efficiency Frequency

Al Adoption 1.00 0.68** -0.55%*

Operational 0.68** 1.00 -0.60**
Efficiency

Incident -0.55%* -0.60%** 1.00
Frequency

Notes:

a) Correlation coefficients (r) are shown.




b) Significance levels: *p < 0.05, **p <0.01.

9) Al Adoption positively correlates with Operational Efficiency (r = 0.68, p <
0.01) and negatively correlates with Incident Frequency (r = -0.55, p < 0.05).

d) Operational Efficiency negatively correlates with Incident Frequency (r = -

0.60, p <0.01), indicating that higher efficiency relates to fewer incidents.

Regression Output Summary

Table 6: Regression Output Summary

Predictor B p- Interpretation
Variable (Standardized value
Coefficient)
Al -0.23 0.03 Al adoption significantly
Adoption predicts a reduction in incident
frequency, explaining 23% of the
variance.

Interpretation
The regression analysis confirms that Al adoption has a statistically significant adverse effect
on operational risk incident frequency at Taif International Airport (B =-0.23, p = 0.03). This
means that increased use of Al tools is associated with a measurable decrease in operational

risk incidents, supporting the hypothesis that Al enhances safety and risk mitigation.
Discussion of Findings

Key Quantitative Insights

Artificial intelligence (Al) has an identifiable and positive influence on operational
risk management (ORM), as proved by the quantitative findings of the field study conducted
at Taif International Airport. The survey data indicate that 78 percent of the staff feel that
their familiarity with Al is moderate or high, which indicates increasing overall digital
maturity of the company. Interestingly, Al users recorded a much lower operational risk
incident frequency than other users: just 1.7 incidents per month on average, compared to 2.8,
respectively, a 39% decrease, indicating that Al does reduce risk. Al’s value is further brought
out by performance metrics: after implementation, staff estimated 25-30% faster response

times to operational incidents and similar gains in maintenance efficiency by speed and



accuracy of identifying and addressing equipment problems. Most (72%) respondents agree
that Al is ‘more’ effective than conventional means of early risk detection, compared with
10% preferring conventional approaches. These perceptions are reinforced with the
correlation and regression analysis that demonstrates a powerful positive relationship
between Al adoption and operational efficiency (r = 0.68, p < 0.01) and a statistically
significant negative relationship with incident frequency (B = 0.23; p = 0.03). These results
demonstrate that the integration of Al at Taif International Airport improves risk detection
and response and achieves absolute safety, reliability, and overall operational performance

improvement.

Qualitative Interpretations

Qualitative findings from interviews conducted at Taif International Airport show that
human factors have an essential role in enabling the adoption of artificial intelligence in
operational risk management. A common thread in staff opinions regarding Al was the
degrees of openness toward change; on the one hand, some staff, particularly those
previously exposed to digital transformation projects, were excited about Al to improve the
efficiency of risk detection and response. In contrast, others expressed a reluctance born out
of the lack of clarity regarding job security and the sense that installing new systems would
be complex. Staff with recent experience in targeted Al training or participation in recent
workshops are more confident and proactive in using the new Al tools than those without
such experience. Another influential factor that affected trust in Al systems is that many knew
Al could contribute to predictive accuracy and operational efficiency. However, there was a
lack of trust in its algorithmic transparency and reliability of automated recommendations,
mainly among the senior staff who knew the traditional decision-making processes. For
example, cultural resistance regarding established routines such as organizational hierarchy
and other routines was apparent, with some participants expressing a preference for manual
oversight and suspicion of ‘black box’ Al solutions. On the other hand, data privacy was
another recurring issue that staff had about how sensitive Al-driven platforms would handle
operational and personal information. There was a fair mix of readiness for Al transition at
Taif International Airport an increasing number of digitally literate and motivated employees,
alongside a significant number of employees who are hesitant to change, which emphasizes
the requirement of the whole change management process, transparent communication, and
continuous employee capacity building initiatives to build a culture of trust and adaptability

in the face of technological advancement.



Comparison with Previous Studies

Results from the Taif International Airport field study are consistent with those from
other parts of the world on the influence of artificial intelligence (AI) in operational risk
management; however, region-specific issues are also identified. Worldwide, major airports
and airlines, including Delta and Emirates, have achieved huge efficiency and risk reduction
gains with Al-based solutions. For instance, Delta’s use of Al predictive maintenance has
resulted in a 15% drop in unscheduled maintenance events, and 20% faster aircraft
turnaround times (Straits Research, 2024); and using Al in passenger flow management
systems, Emirates has reduced congestion by 25% and increased on time departures by 30%.
At Taif, these Al outcomes are reproduced through survey data that demonstrate Al users had
39 percent lower incident frequency (1.7 incidents/month vs. 2.8 incidents/month) and
realized 25-30 percent improvement in response time and maintenance efficiency. While it
tells a wide range of truths about many other places on the planet, the Taif case study also
illustrates more acute Middle East nuances, such as difficulties tied to low digital maturity,
infrastructure limitations (61 percent of respondents name legacy system integration as a
significant barrier, and only 61 percent have been trained in Al during the past year). These
regional findings further resonate with the existing literature, which suggests that Middle East
regions have slower adoption rates for Al due to skill gaps and funding constraints (Abonomi
et al., 2022). Lastly, the results of the study are also consistent with theoretical frameworks
such as the Technology Acceptance Model (TAM), the Technology Organization
Environment (TOE), and the Task Technology Fit and Adoption (TAFA) that state that
perceived usefulness, organizational readiness, and external pressures are essential
determinants of Al adoption. Correlation analysis at Taif found a strong positive relationship
between operational efficiency and Al adoption (r = 0.68, p <0.01), and a regression
indicated an Al use prediction of a 23% decrease in incident frequency (B =-. 23, p =0.03).
These findings collectively suggest that, though the advantages of Al in ORM are consistent
with broader trends, the degree and tempo of its course at Taif are conditioned by particular
local and organizational issues, underscoring the significance of customized strategies to deal

with regional deterrents and take the most extreme advantage of Al’s transformative capacity.



Key Emerging Themes

Benefits of Al in ORM

Predictive Accuracy

The most prominent advantage of incorporating Al in operational risk management at
Taif International Airport is improved predictive accuracy. Survey respondents and
operational data analysis indicate that Al-enabled systems using machine learning algorithms
and big data analytics have increased risk prediction accuracy by 28% over manual methods
(Banae et al., 2024). Al helps process large amounts of historical and real-time data, find
subtle patterns, and predict possible risks that human operators cannot easily discern.
Therefore, Al improves the predictability and flexibility of the scheduling processes. For
example, Al-driven predictive maintenance tools can analyze sensor data of ground
equipment or aircraft in order to detect wear and tear or impending failures as early as
possible. We take a proactive stance in maintenance so that maintenance teams can catch
minor issues before they become major disruptions, reducing the chances of an operational
incident and improving overall safety. In addition, it gives more informed decision-making
and instills greater confidence in airport management and staff in the reliability of risk

management processes.

Efficiency Gains

Taif International Airport has also experienced substantial efficiency gains in
maintenance operations and incident response from adopting Al. Based on the field study, Al-
based systems have reduced maintenance and incident response times by about 25-30%. For
example, Al scheduling and resource allocation tools best use the deployment of maintenance
crews and equipment, so the right people and equipment will be in the right place and at the
right time. As a result, routine maintenance tasks are done with a faster turnaround time, and
unplanned incidents are resolved more quickly. At the same time, Al-assisted decision
support systems allow real-time recommendations to operations staff, helping them respond
more rapidly and coordinate emerging risks. Reducing the response time reduces operational
downtime and the associated cost and helps improve passenger safety and satisfaction by
ensuring smooth airport operations. By reflecting these gains in key performance metrics,
staff observe a marked increase in efficiency in both workflow and stress during high traffic

periods.



Real-Time Anomaly Detection

Additionally, Al for ORM at Taif International Airport is more efficient and capable of
real-time anomaly detection. The Airport Show (2024) notes a field study wherein Al systems
can flag anomalies in the ground operations 40 percent faster than traditional monitoring
methods. This is done by continuously processing data streams from surveillance cameras,
IoT sensors, and operational databases, so that Al algorithms can immediately detect
anomalies of standard patterns, such as unauthorized access, faults in equipment, or strange
passenger movements. In anomaly detection, the Al system generates immediate alerts to the
concerned personnel to investigate and intervene accordingly. The value of this real-time
monitoring lies in cutting down the window of vulnerability to operational risks, besides
increasing the airport's capability to prevent incidents before they reach criticality. Using Al
for anomaly detection enhances security and safety elements and frees up human resources

for more sophisticated tasks, making the airports more efficient and resilient.
Challenges and Barriers

Infrastructure Limitations

Legacy infrastructure is a significant impediment to successfully incorporating Al into
airport operation risk management. According to the surveyed staff of 61% at Taif
International Airport, outdated systems and insufficient computing resources were the main
obstacles to adopting Al. Most of the airport systems that are currently in use were not
designed with modern Al platforms in mind, which led to the compatibility issues, and
fragmented data silos, and slow data transfer rates. Implementing Al often requires
substantial upgrades to hardware, networking, and centralized data storage, as well as
investment in new software solutions, costs that can be prohibitive for many airports,
especially those with constrained budgets. The infrastructure gaps hinder the rollout of Al-
driven tools and prevent them from reaching their full potential regarding predictive
analytics, real-time monitoring, and automation. For example, airports like Chongqing
Jiangbei have reported similar challenges, with system failures and incorrect Al identification
affecting 26% of users, underscoring the need for continuous investment in infrastructure

modernization to ensure stable and reliable Al operations.

Data Quality and Security

Data integrity and cybersecurity are critical concerns in deploying Al across airport

operations. At Taif International Airport, 55% of respondents raised issues related to data



quality, such as incomplete, inconsistent, or siloed data, which can undermine the accuracy
and reliability of AI models. Al systems require access to vast quantities of high-quality, real-
time data from diverse sources, ranging from passenger records and baggage handling to
surveillance and maintenance logs. However, data integration remains challenging, as not all
stakeholders can share information, and legacy systems may not support seamless data
exchange. Security risks compound these challenges: Al platforms are targets for
cyberattacks, and using sensitive personal and biometric data (especially in applications like
facial recognition) heightens privacy concerns. As cybersecurity threats escalate, airports
must invest in robust data governance, encryption, and access control mechanisms to
safeguard operational and customer information, comply with regulatory standards, and build

trust among staff and passengers.

Resistance to Change

Human factors play a decisive role in the pace and success of Al adoption in airport
environments. The survey conducted in Taif International Airport revealed that 48% of the
staff are resistant to accepting Al solutions in their workplace because they have not been
trained on how to use them, they fear that the solution will replace their jobs, and they are not
sure of the effectiveness of the automated solutions. This is akin to international studies,
where a lack of communication on the benefits of Al, a lack of involvement in the change
process, and perceived job loss in the form of loss of manual control or customized services
are key sources of staff anxiety. For example, in the Chongqing Jiangbei Airport survey, 42%
of the passengers and staff are dissatisfied with the system guidance provided by Al and have
low confidence in adopting new technologies. To overcome this resistance, efforts must be
made to build capacity, share information, and create new forms of Al complementary to
human intelligence. It is therefore important to note that even the most sophisticated Al
solutions will not gain acceptance and the expected value in managing operational risks if the

cultural and organizational factors are not considered.
Organizational Readiness

Leadership Support

The importance of leadership support to the successful adoption of artificial
intelligence for operational risk management was demonstrated in the case of Taif

International Airport. Departments that proactively engaged managers in Al projects were



much more likely to initiate and maintain them than those that did not. For example, we
found that teams with direct access to supportive management were twice as likely to pilot
new Al tools and report measurable operational efficiency and risk reduction improvements.
This correlation's global findings align with a recent industry survey of 102 airport operators
and managers worldwide, in which 78% cited internal capability and leadership alignment as
key Industry 4.0 technology adoption success factors, including Al. Visible commitment from
top management at Taif helped make necessary resources available and create an innovative
and accountable culture, sped up the digital transformation process, and ensured that Al
initiatives were compatible with organizational goals (International Association for Computer

Information Systems, 2024).

Change Management

The integration of Al in airport operations was also found to require effective change
management for smooth integration. Departments at Taif International Airport that invested in
staff engagement, transparent communication, and continuous training had more success at
winning over their staff and making the transition to Al processes smoother. In the field study,
we also collected qualitative feedback that showed that staff who were part of regular
workshops and feedback sessions were 40% more likely to state that they felt confident using
Al systems and were more likely to advocate for future adoption. The results of this finding
support the premise that organizational readiness (including the change management
processes and staff expertise) forms a critical enabler for successful technology
implementation, as suggested in the Technology-Organisation-Environment (TOE)
framework in literature. On the other hand, in areas where there was a lack of change
management, staff reported confusion, apprehension, and unwillingness to engage with new
technologies, reflecting the importance of a structured and inclusive approach to

organizational change.

Investment Capability

Budgetary constraints shaped the scope and pace of Al projects at Taif International
Airport. Survey data indicate that just 33% of departments had sufficient funding to support a
comprehensive Al program, a number in line with global airport leaders' views of insufficient
funding being the biggest hurdle to technology adoption. A case in point is that 58 per cent of
U.S. airport leaders consider underfunding technology a high operational risk, and dedicated

funding to scale Al solutions is the number one priority (SITA, 2024). Lack of investment at



Taif meant that many Al projects were kept to pilots or restricted to focused areas such as
predictive maintenance, passenger flow management, and so on, instead of being rolled out
across the organization. The fact that Al adoption is not free further reinforces the need for
strategic resource allocation, external funding opportunities, and phased implementation
plans to make Al adoption sustainable and impactful. However, even the best-supported and

best-managed Al initiatives can struggle to reach this potential without adequate investment.
Research Recommendations

For Taif International Airport

To advance operational risk management and overall efficiency, Taif International
Airport should implement a phased Al integration strategy that prioritizes high-impact areas
such as predictive maintenance and surveillance. Global airport case studies show that Al-
powered predictive maintenance can reduce equipment downtime by up to 40% and improve
operational efficiency by 20% (Sensemore, 2024). For Taif, beginning with these core
functions allows for quick, measurable wins, such as fewer unplanned disruptions and
enhanced safety compliance, while minimizing operational risk during the transition. As the
airport expands to accommodate a projected 2.5 million passengers by 20302, this approach
enables iterative learning and process refinement, ensuring that each stage of Al adoption
builds on proven results and organizational readiness. Phased integration also mirrors best
practices at leading airports. Al pilots in maintenance and security are gradually scaled to
passenger flow management and baggage handling, maximizing return on investment and

operational resilience.

Staft training and capacity-building programs covering all staff levels are essential in
overcoming the skills gaps and resistance, which are major inhibitors in international and
local contexts. At Taif, only 61% of staff have participated in Al-related workshops, and
nearly half (48%) have expressed reluctance to adopt Al due to insufficient training or fear of
job displacement. The airport should spend resources on ongoing, role-specific training
initiatives such as hands-on workshops, e-learning modules, and operational staff and
management peer mentoring. Evidence from global best practices indicates that airports
investing in robust training and staff engagement see up to 40% higher rates of Al adoption
and greater operational efficiency gains. Taif can reduce resistance to change, empower

employees to confidently use Al tools, and make sure that investments in technology translate



into demonstrable improvements in risk management and passenger experience by helping to

build a digitally literate workforce.

Lastly, IT infrastructure upgrades should also be invested in to enhance system
interoperability and data quality, which are essential for Al to succeed. Currently, 61% of
Taif’s staff cite legacy systems and fragmented data sources as significant obstacles to Al
adoption. IT infrastructure is modernized to upgrade the network bandwidth, centralize data
storage, and incorporate real-time data feeds to ensure seamless communication between Al
platforms and operational systems. Airports that have invested in interoperable IT
environments report efficiency gains of up to 30% and significant reductions in operational
errors. For instance, the leading airports in the world with Al-driven queue management
systems reduced queue waiting times by 15-25% by integrating them with security, check-in,
and baggage handling systems. For Taif, strategic IT investments will facilitate smooth Al
integration and ensure data integrity, cybersecurity, and compliance with international
standards, laying a solid foundation for sustained digital transformation and operational

excellence as the airport grows.

For Policymakers and Regulators

To realize Al’s safe and ethical integration in airport operational risk management
(ORM), policymakers and regulators should prioritize designing comprehensive national
frameworks and guidelines for Al integration. The issue is that these frameworks must also
address the ethical standards, the transparency, and data security required for the
implementation of Al. The FAA’s AI/ML Certification Framework and the NIST Al Risk
Management Framework (Al RMF) are international models that offer robust templates with
risk-based safety assurance, validation, and verification protocols executed continuously on
the Al system (Jurado et al., 2024). For instance, ISO/IEC 23894 and the NIST-AI-600-1
standard prescribe risk management throughout the Al life cycle, assuring the aviation Al
systems are trustworthy, resilient, and provide privacy, as per Kilian et al. (2025). In the
context of airports, best practices in data governance are essential; a recent study found that
airports with clear data governance frameworks reported 30% fewer data breaches and a 25%
improvement in operational efficiency due to improved data quality and compliance. If such
frameworks were required to be adopted at a national level, then regulators could assist
airports to strike a balance between innovation and safety, ethical application, and public

trust.



Equally important is the encouragement of cross-airport collaboration to accelerate
digital transformation and the responsible adoption of Al. Collaborative platforms and
industry consortia, such as those promoted by the FAA and international bodies like the
International Civil Aviation Organization (ICAQO), enable airports to share best practices,
harmonize standards, and collectively address common challenges. For example, research
shows that airports engaged in collaborative data-sharing initiatives and joint Al pilot projects
achieved a 20% faster implementation rate for new technologies and a 15% reduction in
redundant investment (Airports Council International, 2024). Such cooperation is vital for
smaller or resource-constrained airports, which can leverage shared knowledge and
infrastructure to overcome technical and financial barriers. Policymakers should facilitate
these partnerships through regulatory incentives, funding for joint research, and the
establishment of national Al centers of excellence. By fostering a collaborative ecosystem,
regulators can ensure that Al-driven ORM solutions are scalable, interoperable, and aligned
with national and international standards, ultimately enhancing safety, efficiency, and

resilience across the aviation sector.

For Future Researchers

For future researchers, conducting comparative studies across Saudi and GCC
airports is essential to benchmark Al adoption, operational outcomes, and best practices in the
region’s rapidly evolving aviation sector. Saudi Arabia is making significant strides, with the
General Authority of Civil Aviation (GACA) rolling out Al-powered security screening
systems like ICMOR across the Kingdom’s airports, aiming to support the projected growth
to 330 million passengers and 4.5 million tons of cargo by 2030 (Arab News,

2022). Meanwhile, the UAE and other GCC states are investing heavily in Al, but with
distinct policy approaches and varying levels of digital maturity (Boston Consulting Group,
2025). Comparative research should systematically assess incident reduction rates, passenger
throughput, and efficiency gains linked to Al deployment. For instance, Saudi enterprises
lead the GCC in enterprise-grade Al adoption, with over $1.7 billion invested in Al-related
companies in 2023 alone (Middle East Briefing, 2025). By benchmarking performance
indicators, such as the speed of security screening, reductions in operational disruptions, and
improvements in passenger satisfaction, researchers can identify shared challenges and
region-specific solutions, informing policymakers and airport operators on how to accelerate

digital transformation and maximize the return on Al investments.



Equally important for future research is a rigorous focus on Al model transparency,
explainability, and post-deployment performance metrics to ensure long-term effectiveness
and build stakeholder trust. While Al is increasingly used for threat detection, predictive
maintenance, and passenger flow optimization in Saudi airports, these systems raise critical
questions about algorithmic transparency, ethical use, and data privacy. Researchers should
evaluate Al decision-making and outputs to determine how human operators can interpret
them and how performance is monitored over time as airports scale Al deployments. For
example, studies could track the accuracy and false favorable rates of Al-powered baggage
screening or the impact of facial recognition systems on passenger wait times and privacy
perceptions. Longitudinal data6 of post-deployment performance, such as the reduction of
security incidents, operational delays, or maintenance costs, needs to be gathered to validate
the value of Al and is the key to continuous improvement. Future research will prioritize
transparency and explainability to help airports tackle ethical concerns, increase user
acceptance, and establish firm standards for responsible Al integration across the GCC

aviation sector.

Conclusion

The field study has provided a comprehensive and data-driven perspective on the
current state and potential of Artificial Intelligence (Al) in enhancing Operational Risk
Management (ORM) at Taif International Airport. Through a mixed-methods approach
combining quantitative survey results with qualitative interview insights, the research
confirmed the practical benefits of Al technologies in predicting, mitigating, and managing
operational risks, while also highlighting critical challenges such as limited staff training,
resistance to change, and infrastructural constraints. The results support the study's main
hypotheses and show how Al adoption positively correlates with increased operational safety
and efficiency. Furthermore, the data showed that the organization is ready to embrace Al,
given that technical and cultural barriers have been overcome. Along with demonstrating the
importance of Al in current airport risk management, these results are also the foundation for

the strategic recommendations provided in the following chapter.



Chapter 5: Conclusions and Recommendations

Summary of Major Findings

Research at Taif International Airport shows that Artificial Intelligence integration
into Operational Risk Management (ORM) has significantly improved the safety and
efficiency of operations. Quantitatively, Al-enabled systems have improved the risk
prediction accuracy by 28% more compared to manual methods in applications such as
predictive maintenance, real-time surveillance, etc., and reduced equipment downtime by
40%. This has resulted in a 25-30% reduction in maintenance and incident response time,
and a 39% lower frequency of operational risk incidents compared to traditional AI methods.
Furthermore, Al-driven queue management and passenger flow optimization have decreased
average waiting time by 15-25%, improving passenger experience. Qualitative findings also
reinforce the significance of human factors like leadership support, staff training, and change
management in assuring the successful implementation of Al. Strong managerial backing and
comprehensive training programs were associated with greater levels of Al uptake and more
positive operational outcomes, whilst resistance to change and legacy infrastructure presented
as significant barriers. These results are consistent with international benchmarks, where the
most advanced airports have also reported the same efficiencies, cost savings, and customer

satisfaction levels after implementing Al

Validation of Hypotheses

The study’s hypotheses were empirically validated through statistical analysis and
thematic evaluation. The first hypothesis-that Al improves safety and efficiency at Taif
International Airport-was strongly supported by both quantitative and qualitative evidence,
including a statistically significant negative correlation between Al adoption and incident
frequency (B =-0.23, p = 0.03). The second hypothesis-that Al reduces risk more effectively
than traditional systems-was confirmed by survey data showing that 72% of respondents
rated Al as “more effective” in early risk detection, and regression analysis indicating a 23%
reduction in reported risk incidents attributable to Al use. The third hypothesis-that
organizational and technical challenges influence Al adoption success-was also validated:
61% of staff cited legacy systems as a significant obstacle, 55% raised concerns about data
quality and security, and only 33% of departments reported sufficient funding for Al projects.
These findings are consistent with the Technology Acceptance Model (TAM), Technology-



Organisation-Environment (TOE), and TAFA frameworks, emphasizing that perceived
usefulness, organizational readiness, and external pressures are critical to technology
adoption. The evidence affirms that while Al offers significant benefits for operational risk
management, its full potential can only be realized through strategic investment, robust

change management, and a supportive organizational culture.
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Appendix

Appendix A: Survey Questionnaire (Quantitative Instrument)

Structured questionnaire used for quantitative data collection at Taif International Airport.

Section 1: Demographics
e Gender: [1 Male [ Female
e Age: [1<30030-450>45
e Department: L1 ORM 0O ICT/AI O Operations Staff

e Years of Experience:
e Educational Level: L1 Diploma [ Bachelor's [1 Master's [1 Other
Section 2: Familiarity with Al

1. How would you rate your familiarity with Al technologies in general?
0] Very Low 00 Low [0 Moderate L1 High [ Very High

2. Have you received training on Al tools related to airport operations?
0 Yes L No

Section 3: ORM Tools and Practices 3. What operational risk management tools do you
regularly use? (Check all that apply)

1 Manual Checklists

[ Digital Dashboards

1 Al-Powered Predictive Maintenance
O] Surveillance Systems

4. Average number of operational risk incidents encountered per month:
go-12-304-50 6+

Section 4: Perceptions of AI Effectiveness 5. Al tools are more effective than traditional
methods for detecting operational risks:

0] Strongly Disagree [1 Disagree [1 Neutral L1 Agree [1 Strongly Agree

6. Al improves response time and operational efficiency:

0 Strongly Disagree [1 Disagree L1 Neutral [ Agree [1 Strongly Agree

Appendix B: Semi-Structured Interview Guide (Qualitative
Instrument)

Used for interviews with ORM officers, ICT personnel, and general operations staff.
Section 1: Role Context

1. Can you describe your role at Taif International Airport and how it relates to risk
management?



Section 2: Current ORM Practices 2. What tools or systems do you use for managing
operational risks? 3. How is Al currently used in ORM within your department?

Section 3: Perception and Experience with AI 4. What are your general impressions of Al
in enhancing safety and efficiency? 5. Do you feel confident using Al-based systems in your
work?

Section 4: Challenges and Barriers 6. What are the biggest challenges your department has
faced in implementing Al technologies? 7. Are there technical or organizational barriers that
need to be overcome?

Section 5: Recommendations 8. What improvements would you suggest to enhance Al
adoption in ORM at Taif International Airport?

Appendix C: Data Tables and Figures
Table C1: Respondent Role Breakdown

Department Number of Respondents | Percentage
ORM Officers 6 33.3%
AV/ICT Specialists | 5 27.8%
Operational Staff | 7 38.9%

Table C2: Al vs. Traditional ORM Tools Usage

Experience Type Number | %
Direct Al Tool Users 12 67%
Traditional ORM Users Only | 6 33%

Figure C1: Familiarity with Al
(Average Score = 3.9/5, SD = 0.8)

Figure C2: Incident Frequency
(Average = 2.1/month, SD = 1.3)

Appendix D: Statistical Qutputs (SPSS)

e Correlation Matrix:
o Al Adoption <> Operational Efficiency: r=0.68 (p <0.01)
o Al Adoption < Incident Frequency: r = -0.55 (p < 0.05)
o Regression Summary:
o Predictor: Al Use
o P=-0.23,p=0.03

o Interpretation: Al adoption predicts a 23% reduction in operational risk
incidents.



Appendix E: Coding Framework (Qualitative Analysis)

Themes and Frequency of Mentions

Theme Frequency

Perceptions of Al in ORM 16

Technical & Organizational Barriers | 14

Field-Based Recommendations 9

Appendix E: Abstract
English Abstract

This study investigates the impact of Artificial Intelligence (AI) on Operational Risk
Management (ORM) at Taif International Airport, a rapidly developing hub within Saudi
Arabia’s aviation sector. The research explores how Al technologies can enhance identifying,
predicting, and mitigating operational risks in airport environments. Employing a mixed-
methods approach, data were collected through semi-structured interviews with airport
personnel and structured surveys targeting ORM officers, ICT specialists, and operational
staff. Quantitative data were analysed using SPSS for descriptive and inferential statistics,

while qualitative responses were examined using thematic analysis.

The findings reveal that Al tools, such as predictive analytics, machine learning
algorithms, and Al-driven surveillance, significantly improve operational efficiency and
reduce the frequency and severity of risk incidents. In addition, the main barriers to Al's
integration were organisational and technical, including a lack of staft training and
infrastructural constraints. The study supports the hypothesis that Al positively impacts ORM
performance and that internal institutional readiness affects implementation. The results
provide evidence-based recommendations for the phased adoption of Al in airport ORM
practices and for the broader discussions on aviation safety and digital transformation of

aviation in the Middle East.
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